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Abstract

Von Willebrand disease (VWD) is one of the mostesevnherited bleeding disorder recognizable in
humans under different typologies, characterized by qualitative or quantitative deficiencies of von
Willebrand factor (VWF). The diagnosis of the disease is difficult and linked to the experience of
doctors,therefore a mechanistic model by Galvanin et al. has recently been proposed and applied to
help in the disease characterization and diagnosis. However, model identification requires the
execution of the stressful and invasive DDAVP test. The test can sawse consequences on the
patients and it cannot be carried out on babies or old people. Therefore, it appears clearly reasonable
to study a way for identifying the model without the DDAVP test but only with basal clinical trials.
This research work prends to be only the first step towards achieving the ultimate just mentioned
target. Response surface methodology (RSM) has been applied to find explicit correlations for the
elimination constanke, the proteolytic kinetic constaii and the constant oéleasek as function

of basal quantities (VWF:R, VWFpp ratio, VWF:Ag), whose values are derived from a simple blood
sample. Results show that, the new equations, once substituted in the PK model of VWD by Galvanin
et al., allow for the identification dhe modified model and the simulated responses demonstrate that

the predictive capability of the model is fully maintained.
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Introduction

The work of thesis has been carried out at University College London (UCL) in collaboration with
the Hospital of Padova.

The overall objective of thithesis is to optimally design a minimal set of basal clinical trials for the
identification of the pharmacokinetic (PK) model of von Willebrand disease (VWD) in order to
decrease the time and effort required for the disease characterization and diagnosis.

VWD is one of the mogtiffusebleeding disordergisible in humans, caused by an alterattbrron
Willebrand factor (VWF), a multimeric glycoprotejresent in the blood strealWF acts a
fundamental function in the haemostatic processtaradteration reflects into a coagulation disorder
VWD occurs in a large variety of forms and its symptoms range from sporadic nosebleeds and mild
bleeding from small lesions in skin, to acute thrombocytopenipralonged bleeding episodes
Diagnosis of VWD may be complicated due to the various number of VWD types (1, 2A, 2B,
Vicenza), therefore pharmacokinetic models have been recently proposed for the classification of the
disease, elucidating the critical pathways involved in the disease charaicterig@mwever, the
complexity of the models requires long (at least 24 h) and invasiveontine tests like DDAVP to

be carried out on the subjects to achieve a statistically satisfactory estimation of the individual
metabolic parameter$herefore, theaentific community is pushing researchers to study a way for
identifying the mechanistic model of VWD without the need of DDAVP test, exploiting only basal
clinical trials. The alternative basal tests which are considered in this study are: (a) Prdpeptide
(VWFpp) to quantify VWF elimination from the blood stream; (b) Antigen VWF test (VWF:AQ) to
evaluate the number of VWF antigens in the bloodstream; (c) Collaigdimg VWF test (VWF:CB)

to analyse the ability of VWF in binding with collagen. Frorag clinical trials two other important
physiological quantities are derived for diagnostic purpa3@8WFpp ratio expressed as the ratio
between VWFpp and VWF:Agi) VWF:R defined as the ratio between VWF:CB and VWF:Ag.

To achieve the oveltaarget of the work, a simplified version of the mechanistic model of VWD by
Galvanin et al. is used’he model assumes thhaigh (HMW) and ultrahigh (ULMW) molecular
weight multimers are released in the bloodstream from the endothelial cellsHMMshand ULMW
multimersare cleaved by the metalloproteinase ADAMTS13 into low molecular weight multimers
(LMW) and eliminated from the bloodstream. A modified model is proposed in this work by
including in the formulation a set of explicit correlations linking PK parameterd, ki, ke) to basal
VWF:Ag, VWF:.CB and VWFpp clinical trials and readings. The new equations are obtained using

response surface methodology (RSM). RSM is a design of experiment technique, used to develop
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“bl-Bok” r egr eteestabhsh a cowethtooh letween inputs and outputs in a system. The
approach is used to approximate the information coming from experimental data with the aim of
defining the profile of responses in the experimental design space.

A two-stage model ideification procedure is applied based on RSM. In the first step, a model
discrimination based on Akaike index is used to determine the best structure of the response surface
(linear, quadratic, with interactions, etc.). In the second step a data miniegym®@ds carried out to
estimate RSM parameters in the most precise way. Following the procedure suggested by Asprey and
Macchietto, identifiability tests (sensitivity analysis and information content analysis) are conducted
to evaluate if PK model paranees can be uniquely estimated from the experimental data. Linear
response surfaces with interactions have been successfully applied for each type of VWD and it
represents the first step for finding explicit correlations between the kinetic paratkgtarde) and

the three basal trials: VWF:Ag, VWF:CB, VWFpp and their related quantities.

Explicit correlations have been found famandke with high degree of accuracy. Results show a good
agreement between the simplified and the modified model incliRigdg correlations.

A non-negligible degree of uncertainty is instead obtained when also an explicit correlatiomsfor
added to the equation set. This finding is confirmed also by the medical community which stated that
the VWF release path is the mastical to define with accuracy.

The modified model with the explicit correlation ferandke has been then used to redesign the
DDAVP clinical trial. As result the DDAVP assay has been reduced to 3 hours instead of 24 hours.
This strong reduction is geible because only the release kinetic condameeds now to be
estimated. Parametks is linked to thereleasdrom the endothelial cells, which represents the first
step of the VWF path in the bloodstream.

The work of thesis represents a first steywards reaching model identification starting only from
basal clinical trials. This will allow an accurate characterization of the disease without the invasive

DDAVP test, resulting therefore into a better quality of life for the patients.



Chapter 1

Introduction to von Willebrand disease

In this chapter, aeneral overview on the disease and clinical management is given. VWD categories
and the diagnostic instruments are described to stress out the difficulties that the operators meet in

charactesing the disease and how a mebdased approach can help them in the diagnostic process.

1.1 Von Willebrand disease: alteration of von Willebrand factor in the

coagulation process

Von Willebrand disease (VWD) is one of the most common bleeding disordeske visihumans,
discovered by the Finnish physici&nic von Willebrand in 192@Berntrop, 2007)Von Willebrand

disease is caused hygualitative or quantitative deficienoy von Willebrand factor (VWF), that is

a multimericglycoprotein composed by a variable number of identicalisitdy consisting of 2050
aminaacid residues and up &2 carbohydrate side chaifg@averio, 2007) VWF multimers vary
between dimers of 225,000 dalton and large atrestconsisting of more than 50 subunits. VWF is
produced by endothelial cells and megakaryocytes and it can be found in subendothelial matrix, blood
plasma and platelets. Considering its synthesisVil& produced in the endothelial cells can be
secretedhrough two different gaways:a constitutive pathwayn which molecules are immediately
released after synthesis and a regulated pathway where storage in organelles calledaleibein
endothelial cells) and-granules (in megakaryocytes) is involved. The presence of uncleaved large
multimers is fundamental to guarantee action where platelet adhesion and aggregation is necessary.
The initially uncleaved VWF is then subjected to reduction in size through eopytit cleavage
controlled by the metalloproteinase ADAMIIS. Various size of the circulating multimers means
different prohadesive functions. In particular the largest VWF multimers show enhanced
thrombogenic functions, indeed they are released atntigedf injury where the tissue is damaged,

but in order to prevent excessive thrombus formation the physiological regulatory mechanism causes
their deavage from the circulatiq@averio, 2007)VWF plays a fundamentable inthe coagulation
processin fact it mediates platelet adhesion, platelet aggregation, thrombus grandht binds,
transports and protecthe coagulation factor VIII. Precisely, in the haemostatic process, VWF

attaches to subendothelial collagen atdhe side and to platelets at the glycoprotein Ib receptor at
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Introduction to von Willebrand diseas

the other side, therefore a platelet plug can be formed in the presence of vessel injuries. The VWF
protein is encoded by a gene on human chromosome 12 and its primary structure, repores in fig
1.1, shows several repeated domains.

5 10 28 45 52
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Figure 1.1. Primary structure of VWF protei(Lillicrap, 2007)

The D1, D2, D’ and D3 domains are involved in
D’ and Dlnkedin the RVIIl binding, while A1 and A3 domains possess colldmgeding
properties. Precisely Al contains the exclusive binding site for the platelet with receptor glycoprotein
(GP)a Ib, whereas A3 is the domain throughieh VWF binds to collage(Lillicrap, 2007)
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Figure 1.2. Platelets adhsion (a) and aggregation (Bl.illicrap, 2007)

The structure of volillebrand factor allows its binding to collagen and the interactionspétific
receptors on the membrane of platelets to ensure the initiation and propagation of the coagulation
process. Agan be seen from figure.2.a, subendothelial VWF is able foind platelets through
glycoproteina b in case of vascular injury also in vessel characterized by high shear stresses. Hence,
the movement of platelets is significantly reduced until platelets are able to atiidye Then,

activated platelets secrete the contents of their granulesrahddhesive proteins from plasma, such



Introduction to von Willebrand diseas

as fibrinogen and VWF, which form the substrate whaetelets aggregation (figurk2.b) can
develop to form thrombus.

Von Willebrand disease can clearly be defined as an alteration of VWF in the coagulati@s,proce
indeed the predominant clinical symptoms are nosebleeds, bleeding from small lesions in skin,
mucosa or the gastrointestinal tract, menorrhagia, excessive bleeding after trauma, surgical
intervention or childbirth. There are several types of VWD (1,28 2M, 2N, Vicenza, 3), but the
central feature of all forms of VWD is the presence of reduced amounts of VWF or abnormal forms
of VWF in the circulation. Precisely, Type 1 and 3 are characterized by mild or severe quantitative
deficiencies of VWF, regztively, on the other hand, type 2 variants are characterised by qualitative
deficiencies causdaly mutations in the VWF ger(&adler, 2003)

1.2 VWD categories

Considering some epidemiologically data, the presence of von Vdilldlaisease is about one in 100
individuals, but most of them are asymptomatic. The prevalence of clinically significant cases is
therefore one in 10000 individuals. Particulailys meanly detected in women and apparently more
severe forms appear people with blood type (Lillicrap, 2007)

Von Willebrand diseasepaears in several formsa brder to understand the diagnostic issadsief

description of the most important VWD types is given below.

1.2.1Type 1

Type 1VWD is the most common form with almost 80% of the total cases. It is characterized by a
mild to moderate quantitative deficiency of VWF but its functionality is normal. The inheritance is
dominant, but the penetrance is strongly variable, indeed givespdu#ic genotype one person can

be asymptomatic having normal clinical tests, while another can have mild or moderate symptoms
with some abnormal clinical tests. Therefore, the detection of this typology of disease is really
challenging. The diagnosticgblem is linked to the presence of an arbitrary threshold, that separates
normal from abnormal VWF levels, indeed the boundary between type 1 VWD and low VWF should
be better defined by determining the likelihood of an intragenic VWF mutation as a fuoictioVF

level. Anotheiissue, which complicates the diagnosghat the normal range of VWF levels is really
broad, in fact 95% of the values fail between 50% and 200% of the means. Again, VWF level is
influenced by ABO blood type with the 0 group derized by the lowest quantity. Moreover, the
symptoms which characterize VWD type 1 are mainly common and medically insignificant, so they

represent a necessary but not sufficient condition for the diagnosis. All the problems just described
5



Introduction to von Willebrand diseas

lead unfortmately to misdiagnosis and, indeed, many people diagnosed with VWD type 1 do not
have the disease at all. Therefoextremely negative consequences arise. Many -falséive
patients are subjected to risky, expensive and useless treatments (DDAVP copiddacts for
surgical procedures), they are forced to change theimsatje and to renounce to some activities for

fear of bleeding. Thus, it can be easily understood that the importance of changing the approach of
detection of VWD type 1 is releva(adler, 2003)

1.2.2 Type 3

Type 3 VWD is a pathological disorder characterized by recessive inheritance of two null mutations
that lead to extremely low or undetectable levels of von Willebrand factor and to moderatadigficie

of FVIIl. Mutations are distributed throughout the VWF gene and most are unique to the family which
they were first identified. Usually the levels are very lowd(W/dL). Patients with type 3 VWD are
therefore subjecteid lifelong severe bleedin@.illicrap, 2007)

1.2.3 Type 2A

Type 2A VWD is a pathological disorder, which shows qualitative abnormalities of VWF, due to a
gene mutationsThe VWFdependent platelet adhesion is decreased because the proportion of large
VWF multimers is decreased. Levels of VWF:Ag and FVIII may be normal or modestly decreased.
The main feature of type 2A VWD is the absence of high and intermediate molecular weight
multimers essential for coagulation and clinical trials show a low VWF:R®WMB:Ag ratio (<0.6)

and abnormal RIPA. Mutations are located in the A2 domain of VWF and they can produce two
different pathologies. Precisely, type 2Al VWD is characterized by the largest multimers retained in
the cells of synthesis whereas in type 2AWD multimers are correctly synthesized and secreted
into plasma, but then they are prematurely cleaved by the metalloproteinase AREMTTHe
inheritance of type 2A VWD is dninant with high penetratiofiillicrap, 2007)

1.2.4 Type 2B

Type 2B VWD is a pathological disorder characterized by an abnormal structure of the binding site
for platelet glycoproteiru Ib caused by missenses mutations. The defect produces an increase in
affinity of large multimers to platelets in the blood stre@itulating platelets also are coated with
mutant VWF, which may prevent the platelets from adhering at the site of theThjerefore von
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Willebrand factor is rapidly consumed. The inheritance of type 2B VWD isirthnt with high
penetratior(Lillicrap, 2007)

1.2.5 Type 2N

Type 2N VWD is a pathological disorder characterized by low level dfl Kvthe blood stream,
caused by r eces s i-DBelomainsttleus theobmding ability of VM\&F t®FVIII is
strongly reduced. The FVIII is a fundamental coagulation factor, known as antihaemofiliac factor.
High levels of FVIII are linked witlan increased risk of deep thrombosis and pulmonary embolism.
FVIIl is a glycoprotein released in the blood stream by vascular endothelial channels and sinusoidal
liver cells. In the blood stream FVIII is linked with VWF, and together forrmgortant coaglation
complex(Lillicrap, 2007)

1.2.6 Type Vicenza

Type Vicenza VWD is a variant with plasma and platéMtF level discrepancies drusually large

VFW multimers. ts diagnosis is not easy due to the heterogeneous ppendiye identification
criteriaconsiderthe contribution of platelet VWF by comparison with plasma valGégical tests

point out low plasm&WF but normal platelet VWF conteand this can be a first useful icdior

for its identification(Zieger, 1997) This type of VWD shows low or very low plasma VWF levels
and the presence of ulttarge VWFmeaningthat the metalloproteinase ADAMTE3 is not able to

cut the multimers. Plasma VWF levels are the outcome of the synémebsi®lease of VWF from
endothelial cells and its cleararfcem circulation. Most type of Vicenza patients have a normal
platelet VWF content, whictsuggests a normal VWF synthesisofdover, after the DDAVP
treatment the VWF level increases and thisnisaidence of a normal acute release of VWF from
both endothelial dis and Weibel Palade bodies. Thtlee low plasma level of VWF in type Vicenza
VWD can be explained only by abnormalities occurring after the release of VWF. Indeed, type
Vicenza VWD is baracterized by an increased VWF clearance. This is an explanation of the VWD
phenotype and the evidence that an increased clearance of VWF may be one of the cause of VWD.
The most important step to follow for the identification of type Vicenza VWDatfest evaluating

the discrepancy between plasma and platelet VWF, then dératomg a shorter VWF survival and

the presence of ultralarge VWF multimens the end the identificatioof type Vicenza mutations
(Casonato, 2006)
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1.3 Diagnosis and detection of VWD

The diagnosis and the detection of the VWD types take into consideration three components: a
personal history of excessive bleeding, a laboratory evaluation that discovers a quantitative or
gualitative defect in VWF and ¢hpresence of a family history of excessive bleeding. In order to
detectVWD the most common clinical trials arthe VWF:Ag to measure the number of VWF
antigens, VWF:CB to evaluate the ability of VWF of binding with collagen, VWF:FVIII to evaluate
the ahlity of VWF of binding with FVIII, RIPA (ristocetin induced platelet aggregation) to analyse
the functionality of platelets and not only of the VWF and VWF:R&@uch is a functional test able

to reflect its ability to aggregate normal platelets in thes@nce of ristocetin. Ristocetin is an
antibiotic, that allows to link the VWF with the receptor glycoproteib on the surface of platelets.

The combination of quantitative and functional tests enables the classification of the patients into
VWD type (1, 2, 3) and subtype (2A, 2B, 2N, 2M, Vicenza). An important and quite invasive clinical
test is the DDAVP, whe desmopressin is administered subcutaneously at a dose of 40 mg/kg to
patients and blood samples are collected before and after 15, 30, 60, 120, 180, 240, 480 and 24 h.
DDAVP induces an acute release of VWF stored in the Weibel Palade bodies of tinekaidils,
followed by proteolysis of the UL multimers and VWF clearance. The VWF:Ag and VWF:.CB after
DDAVP are analysed by mean of a pharmacokinetic model describing the kihgacaiion in
concentrationCasonato, 2006)ndeed, kinetically, the levels of VWF in plasma and patterns of
HMW and LMW multimers depend on three determinants: i) the amount and rate of VWF release;
i) ADAMTS-13 proteolytic activity; and iii) VWF clearance from plasma. The DDAVP results
elaborged by means of a pharmacokinetic model ensure the estimation of the amount and rate of
VWEF release, its clearance and Hél. Moreover, it enables to characterize the VWF kinetics of
normal individuals with the 0 and ndnhblood group and for some tygpef VWD, even if the method
cannot quantify the proteolytic activity of ADAMS-13.

The main issues linked with the use of DDAVP as mean of detection are the fact that it is a long (at
least 24 h)hazardos and invasive neroutine test, which needs te loarried out on the subjects to
achieve a statistically satisfactory estimation of the individual metabolic parameters. However,
pharmacokinetic models are n@awailable and may be exploitéal help in the diagosis ofVWD.
Therefore, alternative less iasive and more easily implementable tests than DDAVP are recently
receiving more attention in scientific community for medaked diagnostic purposes. In particular
these tests are the actiedtconformational state te@broot 2009)which helps the evaluation of

VWEF functional ativity, the propeptide testVWFpp) (Casonato, 2011% quantify theVWF
elimination from the blood stream and the intetgllest von Willebrand facto(Sweeney, 19920

guantify the amount of VWF synthesized in the endothelial cells.
8



Introduction to von Willebrand diseas

1.3.1 Clinical tests

In this sectionthe aim is to define shortly the standard procedure for the clinical tests that have been
considered in our study. Clinical testere caied out by the team of Profllessandra Casonato at

the Hospital of Padova in Italifhe study considers 20 VWD patients (types Vicenza, 2B) and 42
normal subjects, which were treated in accordance with the Helsinki Declaration, after olbt&ining

written informed consent and the Hospital of Padaproval of the ethical board.

1.3.1.1 VWF antigen (VWF:AQ)

Platelet VWF:Ag was measured with a hemade ELISA method, using washed platelets, adjusted

to 1 million and lysed with Triton X.00. A pool ofnormal washed platelets was used to construct
the reference curve. The results are given in U/dL, taking the first reference curve dilution as 100
U/dL.

1.3.1.2 VWEF collagen binding (VWF:CB)
VWEF:CB is assessed by ELISA using type Ill collagen (Sigma, Milan, Itilyjed in acetic acid.

The results are given in U/dL, taking the first reference curve dilution as 100 U/dL.

1.3.1.3 VWF propeptide (VWFpp)

Von Willebrand propeptide (VWFpp) was measured using a hoade ELISA method. Briefly,
diluted reference and patient plaes samples were added to microwells on microtitration plates coated
with a monoclonal antibody specific for VWFpp (CiEBo 35, Sanguin, The Netherlands); and bound
VWFpp was assessed with a second-¥htiFpp HRRIlabelled monoclonal antibody (M193904,

Sangun). The results are given in U/dL, taking the first reference curve dilution as 100 U/dL.

1.3.1.4 VWEF:R and VWFpp ratio

VWFpp is used to assess the survival of VWF. It is secreted by endothelial cells as a dimer, in a ratio
of 1.1 with mature VWF. While mature lymnerized VWF survives for around 24D hours, VWFpp

has a halife of just 1-:2 hours. No pathological conditions or mutations are known to affect the
survival of VWFpp, while a number of VWF mutations are known to affect thelifealbf mature

VWE. Thatis why the VWFpp/VWF:Ag ratio (VWFpp ratio) gives an indirect measure of VWF
survival. A reduced VWF halife coincides with an increase in the VWFpp ratio: the higher the
VWFpp ratio, the shorter the survival of VWF.

VWF:CB measures the capacity of VW8-bind to extravascular collagen. This binding relies on the
integrity of the collagen binding domain of VWF, as well as the presence of large VWF multimers
(the multimeric components best able to bind collagen). A lower VWF:CB/VWEF:Ag ratio (VWF:CB

ratio) is suggestive of a reduction in, or disappearance of large VWF multimers or, less frequently,

9



Introduction to von Willebrand diseas

of an altered collagen binding domain of VWF. A greater reduction in the VWF:CB ratio coincides

with a more pronounced shortage of large VWF multimers.

1.3.1.5 DDAVP

DDAVP (1-desamineB8-D-argine vasopressin, Emosint, Sclavo, Italy) was administered
subcutaneous!| y a'tBload samplesewere ¢olle€ted Before gnd K5 30, 60, 120,
180, 240, 480 min and 24 h after administering DDAVP. The time courses d\itkeAg and
VWF:CB plasma concentrations after the DDAVP challengeewanalysed using the SGM
mathematical modehat isdescribed in section 2.In the study, this clinical trial is fundamentaio

calculate the values of the PK parameters for each V#{€gory and healthy subjects.

The clinical data derived from the execution of themslical assaysave beeriundamental for the

development of the work here presented.

1.4 Pharmacokinetic model of VWD

Pharmacokinetic models are extensively used nowadayselimmary drug development, in
preclinical studies for the formulation of new therapies and in clinical diagnosis. PK models have
been developed to conceptualize, in simple terms, the processes that take place between an organisn
and a chemical substandéoreover prediction by PK simulation can reduce the in vivo experiments,
anticipate the response of patients to new drugs increasing both efficacy and safety. Again, knowing
the desired responsejodel based design of experiments techniqrass be applieé to optimise

clinical studies in different stgs starting from diagnogi&alvanin, 2013)

The PK model taken as reference in this research work is a simplified version of thepropdeéd

by Galvanin et al(2017) that 5 a two compartments model designed to analyse the time courses of
plasma VWF:Ag and VWF:CB levels after DDAVP clinical trigflsom now on, this model will be
referred to as SGM (simplified Galvanin model).

As reported in figurel.3, the SGM is able to chracterize the mechanisms of VWF release,
proteolysis, clearance and the multimers distribution of VWF in the plasma. The model is described
by a system of differential and algebraic equations where each subject is characterized using three
main PK constas, namely the VWF release rake [h}], the proteolysis ratdq [h] and the
elimination rateke [h], which is assumed to be the same for both the UL+HMW multimers and the
LMW multimers. The amount of released VWHKepresented by parameter D [U]dLt is important

to notice that, for a given subject, paramdéteguantifies the rate of release, while D quantifies the

amount of VWF released from the endothelial cells.

10
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Figure 1.3. SGM nodel structure; VWF:Ag and VWF:CB measurements are idenbfiethshec
boxes; D =release of UL+HMW multimers after DDAVP administration (UL = drge; HMW
= high-molecularweight; LMW = lowmolecularweight).

The physiological assumptions at the core of the model are:

1. UL, HMW and LMW multimers are presentine basal state and/or after DDAVP;

2. UL and HMW multimers can be cleaved to form LMW multimers;

3. The VWF:Ag measurements enable to assess the quantities of UL+HMW+
multimers;

4. The VWF:CB measures the UL+HMW multimers.

The use of the PK model allows to estite the model parameters through DDAVP measuren
which are paradigmatic for each category of disease.
The mathematical structure that define the model and the parameter estimation proce

described in section 2.1.

1.5 Objectives

As mentioned in 8B, the SGM of VWD requires the execution dbag-lasting(24 h) DDAVP
test to estimate the model kinetic parameters. Therefore, the overall objective of the proj
optimally design a minimal set of basal clinical trials for the identificatiorhefRK model of
VWD, in order to decrease the time and effort required for disease characterization and di
The idea is to reduce the execution time of the DDAVP modifying the SGM by introducing e

correlations, which relate the PK parameterbdsal clinical quantities.

11
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A more ambitious goal is teliminatecompletelythe execution of the DDAVP clinical triaT his
challenge is tackled substituting the SGM basal state correlations for all the model kine
parameters.

Suitable relations eeen the available experimental data are investigateéachthe target.
Furthermore, the applicability of regression models needs to be verified for buildin
mathematical structure of the correlations.

Once the basal state equations are defimey, are substituted in the SGM and the DDAVP

be shortened or even avoided.

The statistical tools required for achieving thaingoals of the worlof thesisare presented in th

following chapter.

12



Chapter 2

Ildentification and modification of VWD

pharmacokinetic model

In this chapter, the description of t8&M model of VWDandthe methodology used to achieve the
research goalare describedMoreover, a brief explanation of the procedure applied for model
modification and identificabn is given.

2.1 The SGM mathematical structure

TheSGMis described as a set of differential and algebraic equalibeswo differential equations

are written as:

dxV HH MW
x koD eFolttmale XU LH MW ULHMW e () UL+H MW, U LeH MV (2.2
dXL MW
Tk xUL+HMPUL + HMW L MWL MW (2.2)
where:® andw are the number of UL+HMW and LMW multimer units [U] contained

in the plasma; the subscriptrefers to the basal statas the time; andmaxis the time at which the
release profile peak#n the PK modeko represents # kinetics of VWF release from endothelial
cells; ki the proteolytic conversion of large and uiaage VWF multimers into LMW multimers and
kerepresentgne clearance of VWF from the circulatiorheamount ofVWF released after DDAVP

is measurethy theparameteD, and the release time is represented by pararrgter

The antigen concentratian [U/dL] and collagen binding concentration [U/dL] are defined as:

YU L+ HMWL MW

G

v Vd (2.3)
B_XU L+HMW

y© TV, (24)
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where:Vq= 40 mL/kgw is the approximate distribution voluntasal conditions are agsedatt(0),

i.e. T @ w W W W 0w o . Assuggested by Galvanin et al.
(2014) acorrection was introduced in the defioiti of the collagen binding measurements to account
for the different affinity of multimers to collagen observed in different types of VWD:

G
B}, CB7b (2.5)
y© v

wherek is the correction factor.

2.1.1 Parameters estimation procedure

The set of parameters to be estimated from the available measurements is
0= 100 0 0Q & 0O . Their estimation is based on the maximum likelihood
principle and carried out using the commercial software gPROM®Sasurements are assumed to

be normally distributed with standard deviation of 2 U/dL. The parameterésist determined for

each individual by iteratively solving an optimization problem. A crucial step in the parameter
estimation exercise is setting the value of the first gaeésr 0. In this study 8o wasobtained by
carrying out a preliminary parameter estimation for each group of subjects (healthy, VWD type 2B,
and VWD type Vicenza) using fictitious concentration profiles corresponding to the average profiles
of all the subgcts belonging to a given gnaurhen the parameter estimation routine was initialized
with 6o, and the set of parameters was estimated for each individual subject based on his/her own
concentration profiles.

Atwo-st ep iterative procedure was used to esti ma
and VWF:CB readings:

Step O—all paraneters Q@ Q@ Q@ O Q w 06 ) are left free to vary starting from the

initialization valuedg;

Stepl- 0 Q w 0 are set at the value identified in the previous stegd,tha kinetic

parametersQ Q Q are estimated,;

Step2-"Q Q "Q O are set at the value used in the previous step, and the correction parameters

"Q & andd are estimated:

Steps land 2 are repeated until the estimates do not vary significantly (i.e. until the difference

between the estimates is lower than 0.1% for each parameter).

14
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Parameter estimation results are given in the appendix A for each subject in terms of estimated values
andrelated statistics on parameter estimation. Knowing the values of the PK parameters of each
subjectconsidered in the study is fundamental for the application of RSM technegessary for

model modification

2.2 Methodology

2.2.1 Model-based design of experiments (MBDoE)

Models can present differerdtrength and weaknesses, degrees of complexity and descriptive
capabilities.Complex models might be capable of realizing low residuals when they are used to fit
the experimental data, but too high complexity mayltas a very difficult identification of the
parameters. However, the identification of the model requires the execution of expenmmnrtis

may involve the employment of costly facilities, resources and time. It is therefore of great importance
plannirg the experimentsarefully, taking into account the specific target, whiehthis caseis the
identification ofthe modified PK model of VWD through the improvement of the estimates of its
parameters. Many researchers devoted their efforts to devklapa@d MBDoE techniques for both
model design (MD) and parameters precision (BBXx & Lucas, 1959]Espie & Macchietto, 1989)

These theories allow for the identification of the best experina@mpaign also in complex nonlinear
dynamic systems through the numerical maximization/minimization of properly defined objective
functions. If the target is to improve the precision of the parameters, then the objective function to
minimize is a certain maare of the predicted covariance matrix associated to the parameter estimates
fl . The versatile mathematical framework in which these theories were developed made possible
their application in different branches of science: automotive, nuclear physics, medicine, kinetics and
many other¢Bard, 1974)The following ®ctionsare dedicated to present the mathematical tools that

have been applied in this thesis.

2.2.1.1 Information content analysis

Validation and identification of the simplified model of Galvanin et{2017)was conducted in a

previous resealcwork. The model has been found capable of describing the proteolysis of VWF in

the individual subjects provided the correct PK parameters.

In order to optimally design a minimum set of clinical tests for the characterization of the disease, the

information content of the system needs to be maximized. The application of DoE techniques aims at
15
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minimizing the variancesfdhe experimental measurementich are then related to the uncertainty

on the estimated parameters. This goal can be achieved defiriogtimal experimental sets and
measurement times leading to the maximum information conteiMaldle from the experiment
(Fedorov, 2014)

Considering th&GM (2017)sensitivity analysifias been performezhd Fisher informtzon matrix

has been calculateth evaluate the time required by the parameters to achieve the maximum
information content from the DDAVP clinical trial. This step is fundamental in order to understand
which parameters are more critical and which directbauld be taken for optimally modify the
pharmacokinetic model.

Sensitivity analysis is carried out assigning a small perturbation (1%) to the PK parameters acting on
one factor at a time and observing how it affects the predictive capability of the rtszdiel
Sensitivity analysis was considered for both the model responses: antigen concentgadinth y
collagenbinding concentrationdg. In mathematical terms this can be written as:

Ag Yagh Yadd)

i i =€ Ny (25)

cr YesYd Ve dd)

i i =€ Ny (2.6)

Where—and— represent the original and perturbed sets of parameters, respectivély anthe

number of model parameters.

Sensitivity analgis gives only a qualitative idea of the information, whereas the information is
expressed quantitatively by the Fisher information matrixConsidering the maximum likelihood
estimate presented in §2.4.3.1, ifs defined as the logarithm of the likedod function, the Hessian:

_ %0 _ 8% (nley
T 0000 0000

(2.7)

is also called Fisher information matrix (FIM) and it quantifies the information carried by measurable
random variable about noAmeasurable unknown parameterdDue to the fact that this matrix is

the Hessian of a Ielikelihood function, also the approximation e & holds (82.4.3.2).
Intuitively, the covariance matri§ and the Fisher matri& represent two sides of the same coin.

The higher thenformation carried by the measurements, the lower the uncertainty associated to the
estimated parameters. Assumed that a model is given to describe a certain physical phenomenon and
that some experiments have been performed to obtain a first roughtiestiofahe parameters, the

first estimate is and the associated covariance matri§ is The goal is to improve the estimate

reducing the elements of the covariance matrix associated to the parameters performing new
16
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experiments. It is possible to quantify approximately in advancpdkirior covariance matrix

after the conduction dflexpexperiments as:
-1 Ne x 1
Vgg VGO +Bi _ Fli (28)

Where€ represents the information matrix associated toiitieexperiment in a hypothest
campaign oNexpexperiments. Under certain conditions, it is possible to use an approximate form of
the Fisher matrix. In particular, it is possible to refer to alikejihood function considering totally

uncorrelated measured variables:

2
_15Nex g Ny, Yi Vi
®3 0 =_B B o+ Tjj (2.9)
Thekl-th element of the Fisher information matrix is also defined aklitheelement of the Hessian

matrix associated to functian:

_02| ®) _ oNexgNpy 1 %&J 1 C.?yij
KT S0 CE1CELR @a @, Y G (210)
If residuals are small, it is acceptable to write the following approximation:
Neg Ny 1 o7 Q’ij
H,gBf Bj:mlgj & G (2.112)

The term— is called sensitivity of thgth output variable with respect to tkeéh parameter in the

conditions investigated in theth expenment. Throughout this worknotation(11) for the Fisher
matrix is used to plot the information in the experimental design space to visualize the most
informative experimental conditior{Bard, 1974)

The trace of the Fisher matribas been calculated aiglused to represetiie owerall information
content for ehypothetical discrete sampling timeg)(and it is adopted as suitable scalar measure of
the information

I4=By, 1 Hp (2.12)

p

2.2.2 Parameter estimation problem

When a model haslraady been selected among a set of candidates to describe a system, its
identification reduces to the estimation of its parameters. In this paragraph, the model identification

problem is preented taking into consideration the uncertainty intrinsically linked to the

17
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measurements and also to the description of the statistical instrument necessary to assess the quality
of the resultgBard, 1974)

Be ¢ "HoR1,h  the vector of output variables predicted by the model in the experimental
conditions adopted in theth experimentx is the vector of the state variablesthe input variables

that can be modified andthe vector of the model parametdhg quantity , hamed as residual,

represents the difference between measured and predicted valuejftr theput variable in the
th experiment:

b0 =Yy 0 (2.13)
The parameter estimation problem is thenseoaterms of finding the best set of parametetisat
minimizes a certain objective functionthat depends on the quantity . This function could be
defined as the sum of the squared residuals, but this approach does not take intothecount
uncertainty intrinsically associated to the measurements. The conditions under which a model is
identified are never quite repeatable because of the random nature and the limited accuracy of any
measurement technique. These disturbances are as mucbf plae physical reality as are the
guantities appearing in the model. A model cannot be called complete if it does not take into account
the casual nature of the measurements. Therefore, the appropriate description of random events is
made through the ogept of probability. In a rigorous mathematical description, the complete
characterization of the behaviour of a random variable x is given by the definition of an associated
probability density function PDF which associates a probability of realisatianyt possible value
of the variable. One of the most popular PDF is represented by:

o 2
1 Lxe
2 U

(2.14)

Which is the univariate normal distribution with meéaand standard deviatign The success of the

normal distribution is not only due to its easily treatable mathematical structure, but also to the fact
that it has been discovered to describe closely the errors associated to many measurements in nature
(Bard, 1974)

2.2.2.1  The maximum likelihood estimate

Assumingthatthe difference between the measured and the true values ofihi#iga appearing in
the model as output variableés 5 are normally distributed random variables with zero mean and
a certain standard deviation (SD)Y) andthatthe model used to fihe experimental data is correct,

thena true valualoes exisfor the set of parameter$ such that the model prediction is exact. Thus,
18
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for that particular value of the parameters, the residuals” follow the same distribution of the

measurement errots @ , indeed:
b0 Y 8 =YY (2.15)

Consider now the joint probability density function of the residuals , assumed as completely
uncorrelated, normally distributed random variables with zero mean and standard deviation equals to

the SDVof the associated measuremgnt

1 x-¢ 2
L 20 (2.16)

L 0 =B, B,
2 42
The joint PDF of the residuals is also called likelihood function. The parameter estimabtempro
can be reformulated in terms of finding the values of the parametdrech maximizes the objective
function 0 , causing the final residuals obtained after maximization to be distributed like the

corresponding measurement erfBard, 1974)

1 xe
magxL 0 =magx Ei'ielXBj'\iml %ez G j (217)
0

This definition is implemented in gPROMS to estimate the PK parameters in the modified model.

Assuming to use an exactsttural model, it is rigorously acceptable to declare that residuals and
measurements errors follow the same distribution. However, in a-exesi model this
simplification is not cause of much harm and the-perfect structure of the model is usualétected
through a posterior analysis (i.e-test). Moreover, the number of measurements available will be
always limited and might not be sufficient for a reliable estimate of the model parameters.

A number oftools described below, are given to the modelers in order to asses the qudiiey of

fitting and of the estimates.

2.2.2.2  The covariance matrix

A certain objective functio , has been chosen to be maximized/minimized in order to estimate the
set of model parameters It is notpossibleto compute a value and state that the estimatetained
representsthe t r ue” v al ue s indatt the tomputedavalize oletdinedrdepends on the
measured values "Q phklof8 i), which are affected by uncertainty. This paragraph is made

to explain the mathematical tool necegda assess how the uncertainty associated to the measured
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values impacts the confidence we can assign on the estimatedeasarable parameters. Assume

that is anU0 vector of model parameters and that a certain valueas been computed

maximizing/minimizing an objective function.

A new column vectorz with dimensionsO0 0 which contains all the vectors Q
pltlof8 ) is defined:
T
=Y, , éyINm, e, éyNe(;éld, é)’me Mo (2.18)
Also two other column vectofis and] » are defined. In particulat, , with dimension0 |,
represents a shift of the estimated valuéor the parameters derived from a variationin the

measured values for the output variablés. has been computed maximizing/minimizing the
objective functior, the following condition is satisfied:

0u(0,z) _

o =0 (2.19)

Where the lefhand term represents the column vector of dimensiowhose elements represent

the partial davatives of the objective functiolm with respect to the parametelisthe functiond is

continuous, a small variation in the measured valuassults in a small shift of the computed value
in the space of the parameters:

00 (0+30,2+3z) _

5 0 (2.20)

Expanding the condition to the first term of Taylor expansion it is possible to quantify approximately

the variation of the estimated value for the parameterg shift

00 (0+30,2+32) ou 0,z +azu 02 504 00 0,z
20 = 99 9600 9000

oz (2.21)

Note that the first term of the expansion is equdllbecause it has been suppbeat represents

an extremum point of the objective function. Also notice that:

0% 0z _
0000

(2.22)

Represents the symmetric Hessian matrix of funciioavaluated with respect to the parameters

whosekl-th element is:

H Kk T—W (2.23)
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From the Taylor series the tetm is isolatel:

0%0 0z +azu 0,z

0000 0000 61@0 (2'24)
2_
s0e-HL 2202 o, (2.25)

000z

The covariance matrix associated to the estimates is defined as the expected value of the squared

deviationof the parameters from their expected vdlue :

Vo=E 0-E(0) 0-E(0) ' (2.26)

If it is assumed thaO then the covariance matrix associated to the parameter estimates,

approximated to thérst term of the Taylor expansion, is evaluated as follows:

2- 2 T
VeeE -HT 2L 5wt 2L g (2.27)
Voo E HY 2802 9,0 P02 'y (2.28)
0% 000z z0z 000z '

Notice that theonly term containing random variable [Isd &1, which represents the
0O 0 0 0 covariance matrix associated to the measurempgerit is therefore possible to

rewrite explicitly the covariance matrix of the estipsat

T
H? (2.29)

V.

The formula applies for every choice of the objective function, however, for a specific class of
functions including the sum of squared residuals and the natural logarithm of the likelihood

function, it can be demonstrated that also the following approximation holds:
Vee H? (2.30)

The quality of the above approximation improves as the variance of therereasts decreases and
the fitting of the model gets bett@ard, 1974)
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2.2.2.3 The ttest
The comparison of the variances associated to the estimated vatteady gives good information
about the parameters that require madtention and the possible critical structural weaknesses of the
model. However, to assess the statistical quality of the parameters, it is necessary to compare the
value of each parameter estimated within its confidence region. Precisely, it is impodiiinte the
dimension of the confidence region assigned to the parameter with respect to the absolute value of
the parameter itself. A parameter estimation problem involvingarameters is solved assuming a
dataset ofy 0 measurements. In this thesis, to assess the statistical value of the estimates, a
onetailed t-test with 95% of significance is performed comparing tvalue of each estimated
paramete—with the reference-value of a Student distribution with degree of freedom 0
0 :
d
to . 9 MesxNm-Ng

WI>to 9'\‘!6 me'Nd b :E,é ,Nd (2.31)

Where thet-value appearing in thbottom part of the lefhand term is evaluated for a Student
distribution with degree of freedoin 0 0 at acumulated probability equals to 0.975 and the
t-value of reference appearing in the riglaind side is evaluated at a cumulgteabability of 0.95

to perform the ongailed test with 95% of significance. The satisfaction of this condition is considered

as a proof of good estimation of the paramet@esd, 1974)

2.2.2.4 The Chisquared for the goodness afdvaluation
In a conventional parameter estimation problem, a proposed maseldgo fit a set of data, indeed
the model used might not reflect exactly the nature of the physical phenomenon. In this work, to

detect a bad fitting a..-test on the residuals with 95% of significance is performed..The

depends on the number of degrees of freedom 0 U specific of each case. The test is
important to understand if the residuals computed at the @hd parameter estimation problem can
be justified by the measurements errors. Summing) up0 0 squared random variables
following the standard normal distribution, the result will be smaller than with a probability of

95%. The reference value is compared to the squared weighted residuals obtained as solution of the

parameter estimation problem:

N }: o 2
@ =plerghn (2.32)

sampl e% ] % ljij
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If the model is exact and the sample used fofittieg is sufficiently large, the values computed for

are expected to be very close to the true”
the “true” model and the residuals woul & be ¢
errors are normally distributed and the values of the SDVs associated to the measurements are known

precisely and not underestimated, then ... with a probability of 95%Bard, 1974) If

we arenot sure about the measurement uncertainty and about the reliability of the model, and if it

happens ... ... ,the erroscan be interpreted in 5 different ways:

the available experimental data awa sufficient to estimateocrectly the parameters;

the assumption of having measurements errors following a normal distribution with zero mean
IS wrong;

the value of the SDVs associated to the measurements have been globally underestimated,;
the model is wrong;

a combination of thd previous cases.

2.2.3 MBDoOE for parameter estimation

A model is available together with preliminary experimental data, therefore the solution of a
parameter estimation problem leading to the computation of first set of parameasepessible. The
evaluation of the covariance matfjx and the-tests performed on the parametaitew evaluating
whethera satisfactory estimatiasf the parameters may be achieved@ne parameters are affected

by strongcorrelationand very high variance. If the second case occurs, it is necessary to amend the
unsatisfactory estimates performing new experiments. As presented in § 2.4.3.2, it is possible to
guantify approximately the posterior covariance mairixesulting by tle execution of a certain set

of 0 experiments through the evaluation of the FIM. By doing so, it is possible to design an
experiment campaign with the aim of minimizing a certain measure of the posterior covariance matrix
| . In general, theovariance matrix of the estimates identifies a conference ellipsoid i the
dimensional hyperspace. Improving the parameters estimates means reducing the size of this region
of confidence choosing the proper scalar measure as target to miniifigesrid meaningful scalar
guantities can be chosen as objective function, but the most established and popular methods are:

1 A-optimal: which consider the trace 9f as scalar function to be minimized. The trace of
the covariance matrix associatedth@ parameter estimates quantifies the volume of the
polyhedron circumscribing the confidence ellipsoid in tihe -dimensional space of the

estimates;
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1 D-optimal: for which the determinant of the matfjx is chosen as objective function. The
deerminant of the covariance matrix quantifies the volume of the confidence ellipsoid;

{1 E-optimal: in which the largest eigenvalue gf is assumed as measure to minimize. The
largest eigenvalue of the covariance matrix quantifies the length of thestoagjs of the

confidence ellipsoid.

2.2.4 Response surface methodology (RSM)

Response surface modelling (RSM) is a technique strictly related to the design of experiment, used
to develop blackox models (regression models), searching for a correlation betwpets and
outputs variables in systems where no information is given on what is happening inside. Considering
the seminal work by BoxBehnken(1960) this approach is used to interpolate or approximate the
information coming from experimental data, witte aim of defining the profile of the response

the experimental workspac&he objective consists into hypothesize an analytical form of the
response surface, which manages to fiagproximatehe experimental data reducing the distance
between reahnd simulated response. In this way, the error of the model is reduced and the response
can be estimated from the inlet variables. Mathematically, the response model surface is an
approximating kdimensional hypesurface, acting in a space k+1 dimensipneade of k factors

and the atputfunction. Inthe study, we are interested in defining explicit correlations for the PK
parametergo, ki, ke as a function of two inlet variables, which are represented by a combination of
basal clinical trials. Therefer the workspace we are dealing with is 3D, whereas the hypersurface is
2D. The advantage of the response surface modelling consists in the possibility of representing the
combinations of input variables suitable to obtain the desired response with #s &vor. The

analytical forms of the response surface models can be vaoousstance, possible choices are:
1. Linear response surface model without interaction

f x =bg+ B,y (2.33
2. Linear response surface model with interactions

f x =bg+ B 4y x+ BL 1 BE 4y % (2.39)
3. Quadratic response surface model

f x =bg+ BF 4y x+ B £BY 3 by %, (2.35)
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Based onAkaike index (Akaike, 1974)evaluations and knowing thehgsiology of the disease
considered, linear response surface model with interactions appears to be the best candidate
correlation for truly representing the real syst&éhe Akaike index is a measure of the relative quality

of statistical models for a gineset of data. Given a collection of models for the data, AIC estimates

the quality of each model, relative to each other models. Hence, AIC (Akaike index criterion)
provides a means for model selection (Akaike, 1974). The AIC value of the model iddhenigpl

Al C=2Ikp ( (2:36)

Where k is the number of model parameters, whebeiasthe maximum value of the likelihood
function for the model.

In the fitting procedure, the values of the parameters are evaluated through the Least squaded meth
suitable for the overdetermined systems, that is, the number of parameters that needs to be estimatec
is lower than the available experimental points. The reliability of the response provided by the
analytical form of the hypersurface increases wighiticrease in the amount of the experimental data
available.

2.24.1 Goodness of fit

Response surface modelling approach has been applied in OriyjipRmhics and data analyser.
Indeed, after data fitting, it is important to evaluate its goodness. A visuairet#on of the fitted

curve displayed in the curve fitting should be the firgb diéfferentgoodness of fit measurean be

usedfor both linear and nonlinear parametric fitsd they are described as foltow

1 Residuals

The residuals from a fitted mddare defined as the difference between the response data and the fit
to the response data at each predictor value. Assuming the model that fits the data is correct, the
residuals approximate the random errors. Therefore, if the residuals appear torbatavdy, it
suggests that the model fits the data well. However, if the residuals display a systematic pattern, it is

a clear sign that the model fits the data poorly. Mathematically they are described as:

=Y.y, (2:37)

1 Goodness of fit statistics
The sum of squares due to error (SSE) shows the total deviation of the response values from the fit

to the response values:

SSER_y-y° (2.39)
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Wherew is the estimate by the regression model, wtiils the average of the observed dataA

value closer to O indicates a better fit.

R-square measures how successful the fit is in explaining the variation of the -datzamR is the

squae of the correlation between the response values and the predicted response values. This statistic
is defined as the ratio of the sum of squares (SSE) of the regression and the total sum of squares
(SST):

(9]
wn

_SSE R
R=5s7l5sr (239
where SSR9 the residual sum of squares:
2
S SRE.y, (2.40)
andSST is the total sum of squares:
SST . _yy° (2.41)

‘Y can take only values between 0 and 1, a value closer to 1 indicates a better fit. If the number of
fitted coefficients in the model increasés, might increase although the fit may not improve. To
avoid this situation, th& statistic carbe used. It is possible to get negatiWefor equations that do

not contain a constant term.

'Y uses theY statistic described above and adjust it based on the residual degrees of freedom. The
residual degrees of freedom is defined asitimaber of response values n minus the number of fitted

coefficients m estimated from the response values. Mathematically it is described as follow:

., %

t

Where df are the degrees of freedom of the estimatehenunderlying population error variance,

while df; are the total degrees of freedom of the system considered.

The'Y statistic can take only values less or equal to 1, with a value closer to 1 indicating a better fit.
Root mean squared erfl®MSE)is also known as the fit standard error and the standard error of the
regression. A RMSE value closer to O indicatdsetter fit.

Once suitable correlations are defined, data mining approach is applied to determine the coefficients

of the surface for each category of disease and healthy subject in the most precise way.
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2.4.6 Software

The entire RSM has been carried ontOriginPrd® data analyser by OriginLab corporation.
OriginPrd® offers extended analysis tools for statistics 3D fitting, image psing and signal
processing2007) In particular, nodinear curve fitting can be perfmed with usedefined functions

and this has been used to develop and test the regression model.

The parameter estimation and the information content analysis of the simplified model by Galvanin
et al. and the model identification procedure and simulatdthe modified model have been instead
carried out in gPROM%Model Builder environment 4.1.0. gPRORIS an advanced modelling
software by PSE in London. The software is a dynamic equation oriented simulator, which allows to
solve robugy large scaldDAEs system¢2004) One of the main characteristics of the software is
that it possesses a powerful optimization and parameter estimation tools, which allows a trustworthy

resolution of the parameter estimatioolgem witha great accurac§z004)

2.3 Model modification and identification approach

In this paragraph, a summary of the main steps of the work is given to contextiueldescribed
methodology in the development of the wofktlwesis. The overall steps are defined in the block

diagram reported ifigure 2.1

Informationcontent
analysison the
SGM

A

RSMfor SGM
modification

l

Identificationof
MGM structure

l

Estimation of MGM
parameters

v

Comparisorbetween
SGMand MGMprofiles
of response

l

Optimaldesign ofclinical
tests

AN

Redesigrof the Eliminationof the
DDAVP DDAVP

Figure 2.1. Summary of the overall steps of the project.
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Identification and modification of VWD pharmacokinetic moc

Information catent analysis on the SGislexecuted to discover the DDAVP execution time required

for the idetification of the PK parameters. Then, RSM is applied to define suitable correlations
between the PK parameters and the basal clinical trials.

Once defined, the new equatsare substituted in SGvhodifying it. From now on, we will refer

to the modifiedSGM model as MGMmodified Galvanin model)

Following the directions defined in the work by Miao et al. (2011), local sensitivity analysis diet mo
identification is performed, to understand whether the MGM is still locally identifiable or not.

After that, the comparison between the profiles opoese produced by the SGadhd MGM is

carried out to evaluate if the DDAVP can be shortened and redesigned or if it can be completely

avoided.
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Chapter 3

Preliminary analysis of the model

Information content

The results of the information content analysis (sensitivity analysis and evaluation of Fisher
Information matrix) executed on SGM are presented in this chapter. This analytical procedure is

fundamental to determine the starting point for modadiification through RSM.

3.1 Results of the sensitivity analysis

The sensitivity analysihas been performed on the S@&Winderstand the time required by the three
kinetic parametersk§, ki, ke) for reaching the maximum in the sensitivity. This analgdlisws to
visualize the samplingime rangeto achieve the highest information that can be gathered from the
DDAVP clinical trial. The initial set of paramats has been reported in table fdrleach category of
disease and healthy subjects consideratierstudy The values have been derived considering the
average of the kinetic parameters for each category in the pool of subjects. The experimental data for
the subjects in the pool are reported in appendix A
Table 3.1. Initial set of model parameters.
HnonO HO 2B Vicenza

ko 2.87E02 2.64E02 1.77E02 6.66E02

ki 2.37E04 6.25E04 4.71E03 1.50E03

ke 7.04E04 1.52E03 3.23E03 8.18E03

The sensitivity analysis has been carried out aeetlout of five model parameters. Inddeglk; and
ke are he model kinetic parameters, whiaimto be calculated directly from basal clinical trials. The
analysis has been executed for both the model responses, anffeAg and collagertVWF:.CB

concentrations, producing a perturbation of 1% on each model gararoge factor at a time.

As is possble to see from figure 3.1he dynamic sensitivity executed for ¥@&/F:Ag response in
HO subjects shows that paramekercan be estimated achieving the maximum of the information

around 175 min in the experiment 8nThe sensitivity o is set to zero, meaning that the parameter
29



Preliminary analysis of the model information cont

cannot be estimated from the experimental data. The sensitivky ofstead does not reach a
maximum in the time range of the clinical trial. Therefore, a greater sampling time bleaused to
get a better estimation of the model parameter.
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Figure 3.1. Dynamic sensitivity for VWF:Agsponse in H@ategory.

Considering now the dynamic sensitivity NVF:CB response in figure 3,arameteko reaches
themaximum in the sensitivity around 175 min as in the previous plot. The proteolytic par&meter
can here badentified from the experimental data reaching the maximum in the sensitivity around
500 min, whereake, as before, requires the longest time toiewe its sensitivity peak. This means

that the time required for the mostformative estimation is the maximufor parameterke.
Furthermore, neither the sensitivity kf, nor the sensitivity oke achieve the stabilization in the
experiment time. Hengea longersampling time should be advised for the system to stabiflitee

system does not reach stabilization in the experimental time, we are not able to see the entire

behaviour of the sensitivity profiles of the parameters and deviations or pagk®trbe detectable.
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Figure 3.2. Dynamic sensitivity for VWF:CBesponse in B category.

The same approadias been applied also for HnosObjects. The dynamic sensitivities of the two
model responses are reported in figuB&and3.4.
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Figure 3.3. Dynamic sensitivity for VWF:Agsponse in Hhon©@ategory.

From figure3.3the same conclusions written f/diWF:Ag response in the case of HQbjects can

be derived. Indeedparameterke requires thelongest sampling time and it does not reach the
stabilization of the sensitivity at the end of the experimental time. Parakaetestead cannot be
identified from the experimental data, whereas paramketeequires the shortest sampling time to
achievethe sensitivity peak.
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Figure 3.4. Dynamic sensitivity for VWF:CBesponse in Hnon®@ategory.

In case oWWF:CB response in Hnon€ategory, the estimation of the parameters can be performed
from the experimental data, but onhetdynamic sensitivity df reaches the peak in the time range

of the experiment and the stabilization at the end of the sampling time. Moreover, until 250 min as
sampling time, the profiles of paramet&sandke overlap, meaning that measurements tékenre

will not allow a distinction between these parameters.

The same conclusions can be derived also analysing the dynamic sensitivitye fonhealthy
categories. The results sdnsitivityanalysisconducted for the antigen and collagen responsesé ca

of 2B category are presented in figu85 and 3.6
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Figure 3.5. Dynamic sensitivity fo WF:Agresponse in 2B category.
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Figure 3.6. Dynamic sensitivity fo/WF:CBresponse in 2B category.

Reasllts show that parametksrequires the longest time for achieving the maximum in the sensitivity

in case ofVWF:Ag response and it does not reach the stabilization of the sensitivity at the end of
experimental time. On the other hand, in caséWf:CB response, all the sensitivities executed for

the three parameters achieve the sensitivity peak in the sampling time and the stabilization at the end
of the considered time range. Therefore, if samples are taken around the maximum of the profiles
parameter$o, k1 andke can be uniquely estimated from the experimental dataguitid precision.
However, ass possible to see in tlexperimental timeange [0 100pf figure 3.6 the sensitivities

of parameterk; andke overlap, meaning that if samples are eciéd in this range, the two parameters

are totally correlated and paratars cannot be estimated

Again, resultof the dynamic sensitity for Vicenza category aneported in figure8.7 and 3.8
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Figure 3.7. Dynamic sensitity for VWF:Agresponse in Vicenza category.
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Figure 3.8. Dynamic sensitivity fo WF:CB response in Vicenza category.

The same conclusions as for 2B subjects can be derived also analysing the results of Vicenza category.
Indea, in case ofVWF:CB response, all the profiles of the sensitivity show the peak in the
experimental time. Howeveasis possible to see frofigures 3.7 and 3,§arameteke requires the

longest time for reaching the peak in the collagen responsea; anthi the responses it is not able to

get the stabilization at the end of the sampling time.

3.2 Results of FIM (Fisher Information Matrix) evaluation

Analysis of the sensitivity shows where it is possible to have the maximum of the information for
eachresponse in each category considering the different model parameters, but, in this way, it is not
easy to generalize where it is better to sample in order to maximize the information we can get from
the clinical trials. Therefore, more appropriate meteeds to be used for multiple input/multiple
output systems like ours. Analysis on the maximum of the information is carried out on the Fisher
information matrix(82.2.1.1) The trace of the Fisher information matrix is one of the most important
metric toevaluate the region where to sample in order to get the maximum in the information for
improving parameteestimation. In figures 3.9, 3.18.11 and 3.12he trace of FIM on the two

responses for each category of disease and healthy subjects is reported.
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Figure 3.11. Trace of FM in 2B category. Figure 3.12. Trace of FIM in Vicenza category.

Asis possible to see from the figures, the trace does not reach the maximum in the information content
for all the categories with the exception of Vicenza category considéengntigen concentration.

This behaviour has been produced by the trend of the sensitivity on parkm@tethe other hand,

the peak in the information content is achieved considering the collagen respohgsbdncases

except for Hhon@ategory, fowhich a longer experiment time should be advised.

As is possible to understand from this preliminary analsendke requires the longest time for
achieving the sensitivity peak in the DDAVP execution. Moreover, the elimination coksth@s

not even reach the maximum of the information content in the 24 hours of DDAVP execution.
Therefore, to achieve the goal of the project, that is to reduce the DDAVP execution time, it seems
reasonable to work on the definition of suitable correlations able ¢olatdk: andke parameters

using only basal values derived from standard clinical trials. Furthermore, from the results obtained,
the release parametksrequires the minimum time for reaching the sensitivity peak. However, to

tackle the ambitious targetf the research, that is to avoid the DDAVP executiobasal state

35



Preliminary analysis of the model information cont

correlation should be defined also for the release parakaeldre procedure applied in the definition
of the suitable basal state relations for the calculation of the kinetic pararastereported in the
following chapter.

36



Chapter 4

Model modification and validation

4.1 Results of model modification

In this chapterRSM is appliedto find basal stateorrelationsbetweenko, ki, ke parametersand
standard chical trials (81.3.1). Once defined, the new equations are substituted in the SGM
developing the MGMwith the target of reducinthe time or avoidhe DDAVP execution. The
general procedure that has bdeltowed for the development of thesponse surfasis described

in figure 4.1

A 4 h 4

Input and output Choice of RSM model
experimental data structure

available

h 4

Statistical regression
execution

h 4

Statistical analysis

h 4

Goodness of fit

——

good bad
The correlation can
be defined

Figure 4.1. RSM procedure.
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4.1.1 RSM for ke

The information content analys{§3) confirmed clearly that th8GM is uniquely identifiable and

the PK parametemight be estimated from the experimental data. However,ghsitsvity analysis
demonstrated that the time required to achieve the maximum in the information for pakanseter
the highest compared to the other kinetic parametefs)( Theefore, it seems clearly interestitgy
investigate an explicit correlan, which allows to calculate the elimination const&mfrom basal
clinical trials without considering the DDAVP test. The correlation has been investigated through
the RSM, developing a so called blaméx modelwhich consider&e as output variabland the two
physiological ratios VWFpp ratio and VWF:R (derived by the three basal clinical trials VWF:Ag,
VWF:CB, VWFpp) as inputsThe basal values of the three clinical trials for each subject in each
category of disease considered in the research hark& beersuppliedby the Hospital of Padova,
whereas the values kffor each patient have been estimated with the procedure desorgi2d.1

Pa t i eauesoftha@bovedefined quantitiesequired foithe development of the regression model,
arereported in appendix A. The collaboration with the medical schoobéeais fundamental in the
definition oftheresponse surfacemdeed, the physiology of VWF represents a good starting point
for finding reliable correlationgreliminary studies and datinalysis have been conducted to define
the best regression model, whaserageAlC is 40.3+ 5.36 The mathematical form of thmost
performant surface ditting is the linear response surface with interacti@us 4.1)

N 6 6B 7&BAAOBHIHB 7&P OB 7 & BOA OFET & 4.1

The determination of the right correlation is the result of a long set of experiments, which have been
carried out to find the most significant relations between the model parameters and the basal clinical
trials. The overall procedure is reported in appendix B (§B.1).

The fittings of the experimental data with thieear response surface with interacti@ansillustrated

in figures4.2, 4.3, 4.4 and 4.%or the different categories
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Model modification and validatiol

Figure 4.2. Linear responsenodel surface with interactions considering HnonO subjects (subjects removed:
1,9, 13, 10, 8, 6).

Figure 4.3. Linear response model surface with interactions considering HO subjects (subjects removed: 17,
19, 25, 26, 28, 31).
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Figure 4.4. Linear reponse model surface with interactions considering 2B subjects

(subject removed: 39).

Figure 4.5. Linear response model surface with interactions considering Vicenza subjects (subjects removed:
48, 49).
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As is visible in the response surface imagesnesubjects were removed from the ptmimprove

the result of the fittingbecause they behaved as outliers. The abnormal space position of those
subjectds associated tmedical factorshat arose during the DDAVP execution causing irreversible
deviatiors from the class of belonginBrecisely, some of the removed subjects fainted or collapsed
during the DDAVP execution or they are affected by additional btmadjulation disorders that
produce an alteration on the VWF levels. Moreover, some of the abhsulvjects, belonging to 2B

or Vicenza categories, possess other mutations on the VWF gene in addition to those expected,

therefore a deviation occurs.

The relative error of the surface fitting in the four considered categisrillustrated in figures.g,
4.7, 4.8 and 4.9. e quality of the fitting can be analysed throughstagistics presented in tables
4.1, 4.2 43 and4.4for HnonO, HO, 2B and Vicenza subjects, respectively.
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Figure 4.6. Relative error in linear response model fitting with naigtions for HnonO subjects (subjects
removed: 1, 9, 13, 10, 8, 6).
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Table 4.1. Statistics of the fitting with HnonO subjects (subjects removed: 1, 9, 13, 10, 8, 6).

HnonO statistics

Regression parameters Value | Standarderror  t-Value Prob>|t] 95% LCL 95% UCL
A 0.01468 0.00498 294712 = 0.04209 8.50E-04  2.85E-02
B -0.01521 0.00508 -2.99186  0.04026 -2.93E-02 -0.00109
C -0.01316 0.0045 -2.92471 | 0.04304 @ -2.57E-02 -6.67E-04
D 0.01438 0.00458 313695  0.03495 0.00165 2.71E-02
Number of points 8
Degrees of Freedom 4
Reduces Chi-Squared 2.02E-08
Residual Sum of Squares 8.09E-08
R Value 0.9257
Adj. R-Square 0.74962
0.20 ————F——F——1—————————1———
[ = relative error]
0.15 | 3233
0.10 I "2z -
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g L
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Figure 4.7. Relative error in linear response model fitting with interaetidor HO subjects (subjects removed:
17, 19, 25, 26, 28, 31).

Table 4.2. Statistics of the fitting with HO subjects (subjects removed: 17, 19, 25, 26, 28, 31).

HO statistics

Regression parameters Value @ Standarderror @ t-Value Prob>|t| 95% LCL 95% UCL
A -0.01397 0.00503 -2.77471 | 0.03915 | -0.02691  -0.00103
B 0.01484 0.00448 3.31547 @ 0.02111 0.00333 0.02634
C 1.31E-02 4.36E-03 299477 = 0.03028 = 1.85E-03 2.43E-02
D -0.01209 0.00382 -3.16506 = 0.02495 -0.02192 -0.00227

Number of points 9

Degrees of Freedom 5

Reduces Chi-Squared 9.25E-08

Residual Sum of Squares 4.62E-07

R Value 0.90983

Adj. R-Square 0.72446
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Figure 4.8. Relative error in linear response model fitting with interactions for 2Besitbj(subject removed:
39).

Table 4.3. Statistics of the fitting with 2B subjects (subject removed: 39).

2B statistics
Regression parameters Value @ Standarderror = t-Value Prob>|t| 95% LCL 95% UCL
A 0.0093 0.00286 3.25126 = 0.08299 @ -0.00301 | 0.0216
B -0.00348 0.00122 -2.85955  0.10363 @ 0.00873 @ 0.00176
C -0.02435 0.00846 -2.87773 | 0.10252 @ -0.06075  0.01206
D 0.01299 0.00354 3.6745 0.06673 @ -0.00222 0.02821
Number of points 6
Degrees of Freedom 2
Reduces Chi-Squared 1.35E-07
Residual Sum of Squares 2.69E-07
R Value 0.97905
Adj. R-Square 0.89634
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Figure 4.9. Relative error in linear response model fitting with interactions for Vicenza subjects (subjects
removed: 48, 49).
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Table 4.4. Statistcs of the fitting with Vicenza subjects (subjects removed: 48, 49).
Vicenza statistics

Regression parameters Value @ Standarderror @ t-Value Prob>|t| 95% LCL 95% UCL
A 0.02005 0.01106 1.8133 0.32084 | -0.12045  0.16055
B -0.00162 0.00181 -0.89051  0.53683 -0.02466 0.02143
C -0.00916 0.01158 -0.79152 | 0.57375 | -0.15626  0.13794
D 0.00138 0.00177 0.77778 @ 0.57917 -0.02112 0.02387

Number of points 5

Degrees of Freedom 1

Reduces Chi-Squared 3.19E-07

Residual Sum of Squares 3.19E-07

R Value 0.92946

Adj. R-Square 0.45561

The statistics are generated by Manlinear surface fit analyser packageOriginPro software.

Table 6 has been reported to summarize the most important statistics produceanayyis.

Table 4.5. Summary of goodness of fit statistics.

DoF Reduced chi-sqr = Residuals sum of squares R? =|
HnonO 4 2.02E08 8.09E08 0.9257 0.74962
HO 5 9.25E08 4.62E07 0.90983 0.72446
2B 2 1.35E07 2.69E07 0.97903 0.89634
Vicenza 1 3.19E07 3.19E07 0.92946 0.45561

As s possible to understand from the results efdtatistics reported in teb4.5and from the fitting
illustrated in the images, the regression model successfully interpolates the experimental d&ta. The
is indeed higher than 90% in all the considered categories indicating a good quality of the fitting.
Moreover, ass clearlyshown in tables 4.1, 4.2.3 and 4.4the tvalue is higher than the ebgquared

of referencestatingthat the experimental points are sufficient for the development of a reliable
response surface; also, the confidence intervals show meaningful vdinesnith a high quality of

the fitting.

The new explicit correlation for parametey which has been found statistically reliable, produces a
deep reduction on the DDAVP execution time and this statement finds clear confirmation in the

following sectian.
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4.1.1.1 SGM modification and simulation of MGM_1

The SGM has been modified (figure 4)1&dding in the equatierset the new explicit correlation for

ke (eg. 4.). This modification leads to the development of MGM_1 (modified Galvanin model, first
verson). The algebraic relation introduces four new model parameters (A, B, C, D), whose values
have been obtained from the fitting procedure executed in OridinPhe values of the parameters

for each category considered in 8tady are summarized in tabd.6

D
ko
VWEF:CB
.
UL +
HMwW/ [T k F—
< VWFR
ky e VWFpp ratio
L~ >
— ke
<
VWEF:Ag

Figure 4.10. MGM_1 scheme.

Table 4.6. Model parameters of the RSM.
HnonO HO 2B Vicenza

A  0.01468 -1.20E02 0.0093 0.02005
B -0.01521 1.31E02 @ -0.00348 -0.00162
C -0.01316 0.01089 -0.02435 0.0096
D 0.01438 -1.08E02 0.01299 0.00138

The MGM_1 can be represented as in figure 4.1 which it isshown howthe value ofke is
determined by two basal quantities (VWF:R and VWFpp ratio), wheégeasdk; still need to be
estimated byhe DDAVP. To compare the profilegenerated by th8GM (82.1)and MGM_] the

average subject for each category has been taken as reference. The average input data for eact

categoryrequired to simulat®IGM_1, are reported in table 4.7.
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Table 4.7. VWFpp ratio and VWFR average values in the considered categories.
VWEFpp ratio  VWF: R

HnonO 1.040 1.252711
HO 1.113 1.258576
2B 2.320 0.363891

Vicenza 0.881 8.843210

The comparison between the averégealues calculated with the new explicit correlation and the

avergeke estimatedraluesin the SGMare presented in table 4.8

Table 4.8. Calculated averagecskalues and the average estimateddues.

ke calculated by = ke estimated relative error
MGM_1 through SGM

HnonO 6.73E04 7.04E04 0.046062407
HO 0.001858 0.00152 0.181916039
2B 0.003332 0.00323 0.030612245

Vicenza 0.00840673 0.00818 0.026970059

As is possible to read from table 4tBe calculated and the estimated valueke@fre numerically
close within each other, indeed the relative reisdower than 10% irmll the categories except for
HO category. This can be due to the intrinsic internal variability of the pool of subjesisiead in
the study for the HQGrategory. This finding reflects on the profiles of VWF:Ag an?/K.CB
responss. From figures 4.11, 4.12, 4. 88d4.14 it is clearly evident that the profiled SGM and
MGM_1 overlap in @ach category with exception of H&tegoy, but the deviatiori< 20 U/dL)
produced in the value of the peafithe two model responses VWF:Agd VWF:CB can bacceted

by the medical community.
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Figure 4.14. Simulated response VWF:Ag (a) and VWF:CB (b) with MGM_1 and SGM in Vicenza ca

4.1.1.2 Information content analysis on MGM_1
Information content analysis has been executed in order to evaluate vWi€thkrl is still locally

identifiable.

The local sensitivity analysis has been conducted in gPRQding a perturbation of 1% dhe
model parameters, which mainly characteN#@M_1.

In particular, the vector of the modified model paeters can be represented as adweensional
array:
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QhQ

The sensitivity analysis has been conducted for each parameter in treawelctor each category of
disease or healthy subjects. Results efttto model responses VWF:Ag and VWF:CB are reported
in figures 4.15 and 4.16or the healthy subjestHnonO and HQ whereas the profiles of the

sensitivities in the 2B and Vicenza catages are presented in figures 4.17 and Ard@8pectively.
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Figure 4.15. Dynamic sensitivity for VWF:Adga) and VWF:CB (b) responses in HnonO categfany
parameters kand k.
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Figure 4.16. Dynamic sensitivity for VWF:Ag@a) and VWF:CB (b) responses in HO categdoy
parameters kand k.
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Figure 4.17. Dynamt sensitivity for VWF:Ada) and VWF:CB (b) responses in 2B catedonparameters
ko and k.
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Figure 4.18. Dynamic sensitivity for VWF:Adga) and VWF:CB (b) responses in Vicenza catgdor
parameters kand k.

It is important to consider that also the sensitivity for VWFpp ratio has been executed in the modified
model being a countercheck for the time required by the identification of the elimination c&astant
in SGM.
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Figure 4.20. Dynamic sensitivity for VWF:A@) and VWF:CB (b) responses in HO, 2B and Vice
categories on VWFpp ratio.

As it is possible to understand from the pexiin each category (figures 4.15, 4.16, 4.17,)4th@
parametek; cannot be identified by VWF:Ag experimental data, whereas it can be identified by
VWEF:CB responseParameteko instead peaks in both the model responses, but the highest value of
the peak is associated to the antigen concentration in all the categories, meaning that VWF:Ag

response is more informative for the estimation of the release kinetic parameter.

Hence, IDAVP clinical trial needs to be carried out for the estimation of the two model parameters

ko andk:. However as the plots illustrate, the execution time required to achieve the sensitivity peak
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of the two parameterio, ki) in MGM_1 is shorter (almostdived) compared to théentification

time needed byhe elimination constark in SGM. To stress out the improvement, the sensitivities
for each category on VWFpp ratltave been reported in figures 4.19 and 4@ figures are
required to represent eéhprofiles between the different categories because scales are different).
VWFpp ratio is clinically used to indirectly quantify the elimination conskanthe profilesof the
sensitivity on VWFpp ratio produced by MGM show almost the same treswf the sensitivity on

ke in SGM. Figures 4.19 and 4.2tave been inserted in the discussion to confirm M@M_1 is
clearly able to represent the physiology of the syswmmluatingthe elimination constarke with
VWFpp ratio quantity, in agreement with meali literature. However, we are not interested in the
time required by VWFpp ratio to get the highest sensitivity value, because only its basal value,
togethe with that of VWF:R, is used fahe calculationof the elimination constam thorough the

newexplicit correlation(eq. 4.1)
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4.1.2 RSM for ki

As demonstrated in 84.1.2, the definition of a correlation for paraketsoretically allows to halve

the DDAVP execution time. However, stil2® hours are required to achieve a statistical satisfacto
estimation of the proteolytic parameterthrough the DDAVP clinical trial. Therefore, to improve

the reduction of the DDAVP execution time a suitable correlation for pararketeas been
investigated. Several basal state clinical quantities (i.e. MW&tio, VWF:R and VWF:Rco) can be
related to the proteolytic parameter. As reported in appendix B.2, the investigation of the right
correlation for parametds has been challenging. Indeed, not only the quality of the fitting and the
physiological meamig of the equation need to be considered, but also the clinical trials that have to
be executed must be easy to conduct. This is fundamental to respect the concept of simplification that

is atthe core of the research goal.

In collaboration with the meditachool, we deducted that the proteolytic paranmlates related to
VWF:Ag, which represents the number of antigens in the blood stream, and to the elimination that
can be measured by the VWFpp ratio at the basal state. Therefore, reakpoaibllge egressed as
function of VWF:Ag and VWFpp ratio. The linear response surface with interactions for the

proteolytic parameter is mathematically defined as follow:
M 60 67 COB7&ERAODIB78 67 &BFAOET (4.2)

The correlation (eq. 4.2) seernts work well as results demonstrate. The fitting with the linear
response surfaces with interactions are reported in figures 4.21, 4.22, 4.23 and 4.24 for HhonO, HO,

2B and Vicenza categories, respectively.
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Figure 4.21 Linear response model surface wiitheractions considering HnonO subjects (subjects removed:
1,9, 13, 10, 8, 6).

P “s
Figure 4.22. Linear response model surface with interactions considering HO subjects (subjects removed: 17,
19, 25, 26, 28, 31).
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Figure 4.24 Linear response model surface with interactions considering Vicenza subjects (subjects removed:
48, 49).

The quality of the fitting is confirmed also by the statidtresults reported in tables 4.9, 4.10, 4.11
and 4.12 for HnonO, HO, 2B and Vicenza category, respectively.
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Table 4.9. Statistics of the fitting with HnonO subjects (subjects removed: 1, 9, 13, 10, 8, 6).

HnonO statistics

Regression parameters Value | Standarderror  t-Value Prob>|t] 95% LCL 95% UCL
A -0.00312 0.00103 3.039 0.038 0.006 | -2.71E-04
B 4.09E-06 1.36E-05 3.002 0.040 3.08E-06 | 7.87E-05
C 0.02233 8.82E-04 2.636 0.057 | -1.23E-04  0.005
D -2.96E-05 1.23E-05 -2.408 0.073 @ -6.37E-05 4.25E-06

Number of points 8

Degrees of Freedom 4

Reduces Chi-Squared 1.11E-08

Residual Sum of Squares 4.43E-08

R Value 0.92

Adj. R-Square 0.72

Table 4.10. Statistics of the fitting with HQubjects (subjects removed: 17, 19, 25, 26, 28, 31).

HO statistics

Regression parameters Value @ Standarderror  t-Value Prob>t| 95% LCL 95% UCL
A -0.00122 9.04E-04 -1.234 0.241 -0.003 | 8.54E-04
B 3.72E-05 1.13E-05 3.286 0.006 1.25E-09 6.18E-05
C 0.00256 9.79E-04 2.613 0.023 4.25E-04| 0.005
D -5.33E-05 1.59E-05 -3.344 0.006 = -8.80E-05 -1.86E-05

Number of points 16

Degrees of Freedom 12

Reduces Chi-Squared 9.85E-08

Residual Sum of Squares 1.18E-06

R Value 0.73

Adj. R-Square 0.41

Table 4.11. Statistics of the fitting with 2B subjects (subject removed: 39).

2B statistics

Regression parameters Value @ Standarderror @ t-Value Prob>t] 95% LCL 95% UCL
A -0.01163 1.23E-02 -0.945 0.518 -0.168 0.145
B 4.25E-04 3.22E-04 1.321 0.412 -0.004 0.005
C 0.00432 4.67E-03 0.925 0.524 -0.055 0.064
D -1.28E-04 1.24E-04 -1.034 0.489 0.002 0.001

Number of points 5

Degrees of Freedom 1

Reduces Chi-Squared 8.25E-07

Residual Sum of Squares 8.25E-07

R Value 0.94

Adj. R-Square 0.51
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Table 4.12. Statistics of the fitting with Vicenza subjects (subjects removed: 48, 49).

Vicenza statistics

Regression parameters Value @ Standarderror  t-Value Prob>|t] 95% LCL 95% UCL
A -0.0034 9.43E-04 -3.898 0.160 -0.0156 | 8.31E-03
B 8.15E-04 9.43E-05 8.644 0.073 = -3.83E-04 2.01E-03
C 1.36E-04 1.32E-04 1.035 0.488 154E-03| 1.81E-03
D -5.04E-05 1.34E-05 -3.762 0.165 @ -2.21E-04 1.20E-04

Number of points 5

Degrees of Freedom 1

Reduces Chi-Squared 7.36E-09

Residual Sum of Squares 7.36E-09

R Value 0.99

Adj. R-Square 0.99

The most significant statist related to the explicit correlation defined for the proteolytic parameter

ki are summarized in table 4.13.

Table 4.13. Summary of goodness of fit statistics.

DoF Reduced chi-sgr = Residuals sum of squares R? =|
HnonO 4 1.11E08 4.43E08 0.91714 0.72201
HO 12 9.85E08 1.18E06 0.72549 0.40793
2B 1 8.25E07 8.25E07 0.93672 0.51018
Vicenza 1 7.36E09 7.36E09 0.99951 0.99612

The summary is important to have an immediate visualization of the mosttamipqualityof-fit
indexes. As it is clearly visible, the? is high, greater than 90% for almost all the categories, with
exception of HO category. This is again due to the high internal variability of the pool of subjects.
However, theY is relatvely highmeaning that the correlation can work for the estimatida with

a low error.

4.1.2.1 SGM maodification and simulation of MGM_2

The new explicit correlation fda (eq. 4.2) has been substituted in MGM_1, giving rise to MGM_2
(modified Galvanin modekecond version). The MGM_2 can be graphically represented as in figure
4.25, where it is clearly visible that both the elimination condtaahd the proteolytic constakt
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can be calculated directly from basal clinical trials, whekeasll requires the DDAVP execution to

@
Ko

be estimated.

VWFpp ratio N
VWF:Ag pay24 | VWF:R
. VWFpp ratio
P

"f.".-a.
VWEF:Ag
Figure 4.25. MGM_2 schem#&r model identification

The algebraic relation introduces four new model parameters (A, B, C, D), whose values have been
obtained from the fitting procedure executed in OrigiffPithe \alues of the parameters for each

category considered in tlstudy are summarized in table 4.14

Table 4.14. Model parameters of the RSM.
HnonO HO 2B Vicenza
-0.00312 -0.00122 -0.01163 -0.00368
4.09E06 3.72E05 4.25E04 8.15E04
0.00233 0.00256 0.00432 1.36E04
-2.96E05 -5.33E05 -1.28E04 -5.04E05

o o w >

To compare the profilegenerated by th8&GM (82.1) and MGM_2 the average subject for each
category has been taken as reference. The average input datzhfoatmoryrequired to simulate

the moded, are those reported in table 4.15.
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Table 4.15. VWFpp ratio and VWF: Ag average values in the considered categories.

. WEF: Ag
VWFpp ratio
[U/dL]
HnonO 1.040 94.07
HO 1.113 77.14
2B 2.320 35.07
Vicenza 0.881 9.42

The comparison between the averégealues calculated with the new explicit correlation and the

averagek; estimatedsalues are presented in table 4.16

Table 4.16. Calculated average:kalues and the average estimated&ues.
ki calculated by | ki estimated

MGM_1 through SGM relative error

HnonO 2.55E04 2.37E04 0.0759
HO 4.53E04 6.25E04 0.2752
2B 0.00484 0.00471 0.0268

Vicenza 0.00155 0.00149 0.0345

As itis possible to read from table 4,16e calculated and the estimated valagk; are numerically

close within each other, indeed the relative error is lower than 1G#btime categories except for

HO category. Thiss due to thénighinternal variability of the pool of subjectsrsidered in the study

for the HO category. Ths finding reflects on the profiles of VWF:Ag andMF:CB responses.
Figures 4.26, 4.27, 4.28 and 4.29 show the comparison of the profiles of response between the SGM
and MGM_2 for all the categories. From the resilis,clearly evident that the profiled SGM and

MGM_2 overlap in @ach category with exception of H&tegoy, but the deviatiori< 20 U/dL)
produced in the value of the peak the two model responses VWF:Ag and VWF:.@Bstill
accetable by the medical community, as found for MGM_1.
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Figure 4.27 Simulated response VWF:Ag (a) and VWF:CB (b) with MGM_2 and SGM in HO cate(
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Figure 4.28. Simulatel response VWF:Ag (a) and VWF:CB (b) with MGM_2 and SGM in 2B categ
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Figure 4.29. Simulated response VWF:Ag (a) and VWF:CB (b) with MGM_2 and SGM in Vicenza ca

4.1.2.2 Information content analysis on MGM_2

Information content@alysis has been executed in order to evaluate whgtGdd_2 is still locally
identifiable.

The local sensitivity analysis has been conducted in gPRQading a perturbatn of 1% on the
release parametés, which is the last kinetic parameter that rieegithe DDAVP execution for its
estimation.

The sensitivity analysis has been conducted for each category of disdhsalthy subjects. Results
of the two model responses VWF:Ag and VWF:.CB are reported in figures 4.30 anébd B
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healthy subjestHnonO and HQ whereas the profite of the sensitivity in the 2B and Vicenza
categories are presented in figures 4.32 and 4e3pectively.
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Figure 4.30 Dynamic sensitivity for VWF:A¢) and VWF:CB (b) responses in HnonO category.
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Figure 4.31. Dynamic sensitivity for VWF:A@) and VWF:CB (b) responses in HO category.
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Figure 4.32. Dynamic sensitivity for VWF:A(r) and VWF:CBI§) responses in 2B category.
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Figure 4.33. Dynamic sensitivity for VWF:A(r) and VWF:CB (b) responses in Vicenza category.

As is clearly visible from the results of the sensitivity, the DDAVP execution timéeasensibly
reduced to 3! hours. Indeed, thrdeur hours represent a sufficient amount of time for reaching the
peak in the sensitivity profiles for all the considered categories. The rdsghlig promisingoecause
the DDAVP execution time might beduced to 1/4/8 of the originatest This will undoubtedly

produce a positive impact on the quality of life of the patients. The validation executed in MGM_2 is
presented in chapter 5.
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4.1.3 RSM for ko

As has been demonstrated in 84.2, apparengyusie of MGM_2 in VWD characterization allows

to reduce significantly the DDAVP execution time. Only the release parakoetauires now the
DDAVP execution to be estimated. Therefore, theoretically, if a suitable correlation for parameter

is found, he DDAVP is not necessary anymore and the VWF:Ag and VWF:.CB profiles in time of
the patients can be simply reproduced using basal quantities values, obtained from a simple blood
sample. However, as f@ét, the research of the right correlation for the askeparameter required a

big effort (appendix B.3). Indeed, many different clinical quantities can be related to the VWF release
path. Furthermore, the release of VWF from the endothelial cells has natdmpletelyunderstood

yet, meaning that there @lack of knowledge in the physiological description.

For instance, it is impossible to directly evaluate the releaséqdtefact, the basal clinical trials,
as the intraplatelet VWF, are able to measure only the amount of VWF released by ti(@) catid (
not the rate of releade. However, as soon as the correlation@as defined, the kinetic parameter
ko, can be indirectly obtained from equation 4.3, kn@andtmax. PreciselyQ is the integral in time

of the expression which defines thesigde physiology in the PK model of VWD (eq. 2.1).

0 Q0Q (4.3)

Thanks to the joint work with the medical school, two correlations have finally been found suitable
for the evaluation of. The first correlation define® as function of VWF:R and intraplatelet VWF
(intra), which is commonly used by the medical community to evaluate the amount of VWF released
by the cells. The mathematical form of the generated linear response surface with interactions is

expressed as follow:

0 6 6JQt0IB7&H 0IEDOB 7 & (4.4)

Fitting the experimental data with the regression model defined in equation 4.4 has given remarkable
results, which are presented in figures 4.34, 4.35 and 4.36 for HO, 2B and Vicenza categories.

Experimental intraplatelet VWF data were agtilable for HhonO category.
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Figure 4.34. Linear response model surface with interactions considering HO subjects (subjects removed: 17,
19, 25, 28, 31).

Figure 4.35. Linear response model surface with interactions considering 2B subjects (sebjesed: 39).
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Figure 4.36. Linear response model surface with interactions considering Vicenza subjects (subject removed:
49).

The quality of the fitting is demonstrated also from the values of the statistics reported in tables 4.17,

4.18 and 4.19.

Table 4.17. Statistics of the fitting with HO subjects (subjects removed: 17, 19, 25, 28, 31).

HO statistics

Regression parameters Value | Standarderror  t-Value Prob>|t] 95% LCL 95% UCL
A -2.25E+04 7.99E+03 -2.819 0.106 | -5.69E+04 1.18E+04
B 234.31 71.72 3.267 0.082 -74.27 542.88
C 2.17E+04 6.61E+03 3.277 0.082 -67.84 | 5.01E+04
D -203.05 59.78 -3.396 0.077 -460.26 54.17

Number of points 6

Degrees of Freedom 2

Reduces Chi-Squared 1.25E+05

Residual Sum of Squares 2.51E+05

R Value 0.96

Adj. R-Square 0.81
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Table 4.18. Statistics of the fitting with 2B subjects (subject removed: 39).

2B statistics

Regression parameters Value | Standarderror  t-Value Prob>|t] 95% LCL 95% UCL
A 4.20E+03 1.25E+03 3.349 0.078 -1.2E+03 | 9.60E+03
B -7.37 12.09 -0.610 0.604 -59.39 44.64
C -2.45E+03 3.02E+03 -0.814 0.501 | 1.54E+03 1.05E+03
D 38.24 27.83 1.374 0.303 -81.48 157.96

Number of points 6

Degrees of Freedom 2

Reduces Chi-Squared 1.17E+05

Residual Sum of Squares 2.34E+05

R Value 0.92

Adj. R-Square 0.64

Table 4.19. Statistics of the fitting with Vicenza subjects (subjemtsaved: 49).

Vicenza statistics

Regression parameters Value | Standarderror  t-Value Prob>|t] 95% LCL 95% UCL
A -2.71E+05 2.56E+04 -10.580 0.060 | -5.96E+05 5.45E+04
B 2.83E+03 266.54 10.609 0.059 -558.87 = 6.22E+03
C 2.74E+05 2.62E+04 10.471 0.061 | -5.84E+04 6.06E+05
D -2.81E+03 272.15 10.354 0.061 @ -6.27E+03 641.71

Number of points 5

Degrees of Freedom 1

Reduces Chi-Squared 5.88E+04

Residual Sum of Squares 5.88E+04

R Value 0.99

Adj. R-Square 0.97

As visible from the figures and the statistics just reported, the fitting is good and the correlation could
theoretically allow us to satisfy the ambitious target of the research project, which is to completely
avoid the execution ofthe DDVP c | i ni cal trial . The problem i
one of the goals that must to be met in the project. Therefore, correlations must contain basal
guantities derived by standard clinical trials. As in the case of VWF:Rco correlatite fproteolytic
parametergee8B.2), here, intraplatelet VWF is a medical test that requires significant effort, good
ability in platelets management and uncommon laboratories tools to contain the measurement errors.

This means that correlatiqs.4) camot be used at our purpose.
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Hence, anotharorrelation has been investigated. The mass balance around the overall control volume
of SGM (fig.3) has been executed and, as result, the amount of VWF released is function of the
elimination constanke and d VWF:Ag. The linear response surface with interactions that has been

developed is defined ke following equation:

0 6 630 6WOP QO0TQIWO'® Q (4.5)

The fitting results of the experimental data with the linear response surface (eq. 4.5) are reported in

figures 4.37, 4.38, 4.39 and 4.40 for all the considered categories.

Figure 4.37. Linea response model surface with interactions considering HnonO subjects (subjects removed:
1,9, 13, 10, 8, 6).
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O 2
o= R,
(=23
v =

Figure 4.38. Linear response model surface with interactions considering HO subjects (subjects removed: 17,
19, 25, 26, 28, 31).

4000

Figure 4.39. Linear response model surface with interactions considering 2B subjects (subject removed: 39).
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Figure 4.40. Linear response model surface with interactions considering Vicenza subjects (subject removed:

The statistics of the fitting for all tr@nsidered categories are reported in tables 4.20, 4.21, 4.22 and
4.23.

Table 4.20. Statistics of the fitting with HnonO subjects (subjects removed: 1, 9, 13, 10, 8, 6).

Regression parameters

A

B

C

D
Number of points
Degrees of Freedom
Reduces Chi-Squared
Residual Sum of Squares
R Value
Adj. R-Square

HnonO statistics

Value @ Standarderror
-16962.24 10.5E+03
191.12 114.53
1.52E+07 9.72E+06
-112581.26  10.3E+03
7

3

1.12E+06

3.57E+07

0.94

0.75

t-Value
-1.607
1.668
1.559
-1.098

Prob>|t|

0.206
0.194
0.217
0.353

95% LCL 95% UCL
-5.0E+03 | 1.6E+03
-173.37 555.60

-1.57 4.61
-44E+04 2.15E+04
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Table 4.21 Statistics of the fitting with HO subjects (subjects removediq,725, 26, 28, 31).

HO statistics
Regression parameters Value @ Standarderror
A 6.0E+03 1.73E+03
B -88.37 26.68
C -3.23E+06 1.25
D 7.55E+03 2.03E+03
Number of points 14
Degrees of Freedom 10
Reduces Chi-Squared 1.9E+05
Residual Sum of Squares 1.9E+06
R Value 0.92
Adj. R-Square 0.79

t-Value
3.470
-3.309
-2.579
-3.778

Prob>|tf 95% LCL 95% UCL
0.006 | 24127 @ 9.8E+03
0.008  -147.82  -28.91
0.027 | -6.02E+06 -4.4E+05
0.004  3.03E+03 1.2E+05

Table 4.22. Statistics of the fitting with 2B subjects (subject removed: 39).

2B statistics
Regression parameters Value @ Standarderror
A -3602.80 4246.15
B 142.16 121.85
C 1.64E+06 9.78E+04
D -27636.74 3.14E+04
Number of points 7
Degrees of Freedom 3
Reduces Chi-Squared 1.9E+05
Residual Sum of Squares 5.7E+05
R Value 0.91
Adj. R-Square 0.66

t-Value
-0.848
1.166
1.676
-0.879

Prob>|t] 195% LCL 95% UCL
0.458 | -1.71E+03 9.91E+03
0.327 -245.61 529.94
0.192 | -147E+06  4.75
0.444 | -1.28E+04 7.23E+04

Table 4.23. Statistics of the fitting with Vicenza subjects (subject removed: 49).

Vicenza statistics

Regression parameters Value @ Standarderror
A -18437.71 1445.84
B 2483.33 166.48
C 2.72E+06  186.44E+03
D -2.98E+05  20.38E+03

Number of points 5

Degrees of Freedom 1

Reduces Chi-Squared 3.41E+04

Residual Sum of Squares 3.41E+04

R Value 0.99

Adj. R-Square 0.98

t-Value
-12.75
14.92
14.62
-14.66

Prob>|t| 95% LCL 95% UCL
0.050 | -3.68E+03 -66.51
0.043 36801 4.60E+03
0.043 | 356E+04  5.09
0.043 5.57E+05 -3.97E+04

71



Model modification and validation

As it is possible to understand from the results obtained andtfre summary of the most important
statistics reported in table 4.24 and 4.25 for the response surfaces 4.4 and 4.5, the fitting with the new
explicit correlations is good.

Table 4.24. Summary of goodness of fit statisficsresponse surfze (4.4.

DoF Reduced chi-sqr = Residuals sum of squares = R? =|

HO 2 1.25E+05 2.52E+05 0.96 0.81
2B 2 1.17E+05 2.35E+05 0.92 0.64
Vicenza 1 5.88E+04 5.88E+04 0.99 0.97

Table 4.25. Summary of goodness of fit statisficsresponse surface (4.5)

DoF Reduced chi-sqr = Residuals sum of squares = R? =|

HnonO 3 1.12E+06 3.57E+07 0.94 0.75
HO 10 1.87E+05 1.87E+06 0.92 0.79
2B 3 1.92E+05 5.74E+05 0.91 0.66

Vicenza 1 3.41E+05 3.41E+05 0.99 0.98

The definition of suitable correlations for the amount of VWF released from the endothelial cells and
the consequent evaluation of the release katdlows us to think that the overall ambitious goal of

the project, the DDAVP elimination, may be reached. In the following section, equétidhand

(4.5) are singularly tested in MGM_2 developing MGM _3 (hied Galvanin model, third version).

4.1.3.1 SGM maodification and simulation of MGM_3

The new correlations fd@ have been tested in the MGM_2, developing MGM _3, the third level of
modification of SGM. MGM_3 can be represented as in figure 4.41. defgcitwo versions of
MGM_3 exist: the first define® as in equation 4.4 and it is therefore named as MGM_3 intra,

whereas the second evaluafggrough equation 4.5 and it is defined as MGM_3_Ag.
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VWEF:Ag

Figure 4.41. MGM_3 scheme.

The algebraicelatiors introducgour new model parameters (A, B, C, D), whose values have been

obtained from the fitting procedure executed in OrigifiPithe values of the parameters for each
category considered in tiséudy are summarized in table 4.26 and 4.2 2dpationg4.4) and(4.5),

respectively

Table 4.26. Model parameters of the RSM for response surface 45.

A
B
C
D

HO 2B Vicenza
-22536.65 4202.56 -270557.15
234.31 -7.37 2827.81
21680.84 -2456.82 274077.65
-203.05 38.24 -2816.23

Table 4.27. Model parameters of the RSM for response surface 46.
HnonO HO 2B Vicenza

A  -16962.24 599255 -3602.80 -18437.71

191.12 -88.37 142.16 2483.33

B
C 1.52E+07 -3.23E+06 1.64E+06 2.73E+05
D

-112581.28 75479.14 -27636.74 -29890.97
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Some sbjects belonging to the considered categories (HnonO, HO, 2B and Vicenza) have been taken
as reference to compare the profiles generated by the SGM and MGM_3 in both the versions
(MGM_3_intra and MGM_3_Ag)The input data required to simtéaMGM_3 for every patient are
reported in table 4.28.

Table 4.28. Input data required to simulate MGM_3.

Patient 7 Patient 11 Patient 32 Patient 37 Patient 45
HnonO HnonO HO 2B Vicenza
VWEF:Ag [U/dL] 51.70 104.50 63.20 39.60 6.90
VWEF:CB [U/dL] 57.20 155.20 93.80 9.30 5.60
VWEF:R 1.11 1.48 1.48 0.23 0.81
VWFpp ratio 1.41 1.39 1.39 1.98 6.70
Weight [kg] 60 95 50 76 87

Figures 4.42, 4.43 and 4.44 show the comparison of the profiles of response VWF:Ag between the
SGM and MGM_3_intra.

145 [ T T T T T T T T T T T T T T

— SGM
— MGM_3 intra

[
N
[&)]

o T rrrrrrrrer

VWF:Ag [U/dL
=
8

55 F .
50 L 1 L 1 L 1 L 1 L 1 L 1 L 1

0 200 400 600 800 1000 1200 1400
Time [min]

Figure 4.42. Simulated response VWF:Ag with MGM_3_intra and SGM for patient 32.
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Figure 4.43. Simulated response VWF:Ag with MGM_3_intra and SGM for patient 37.
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Figure 4.44. Simulated response VWF:Ag with MGM_3_intra and SGM for patient 45.

As figures 4.42, 43 and 4.44 illustrates, the MGM_3_intra appears to be able to reproduce the
profiles of response for the patients. §hieans that the correlations (4(#)2) and (4.4)are able to
calculate the three kinetic parametey,d: andke using only basal atical values without exploiting

the DDAVP. However, as previously stated, correlatd) is reliable, but it implies the execution

of the nonstandard clinical assay intraplatelet VWF. Therefore, correléigih should not be used

at our purpose, wtlelit is better to test correlatigd.5 in MGM_3.

The comparison of the profiles generated by SGM and MGM_3_Ag are reported in figures 4.45, 4.46,
4.47, 4.48 and 4.49 for all the patients.
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Figure 4.45. Simulated response VWAg (a) and VWF:CB (b) with MGM_3_Ag and SGM for patient 7.
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Figure 4.46. Simulated response VWF:Ag (a) and VWF:CB (b) with MGM_3 Ag and SGM for patient 11.
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Figure 4.47. Simulated response VWF:Aa) @nd VWF:CB (b) with MGM_3_Ag and SGM

76

200 400 600 800 1000 1200 1400

Time [min]

(@)

VWF:CB [U/dL]

200

=
a1
o

100

0

200

400 600 800 1000 1200 1400
Time [min]

(b)

for patient 32.



Model modification and validatiol

150
140
130
120
110
100

VWF:Ag [U/dL]

70
60

50 |
a0

30

90 H
80 H

200

400

600 800
Time [min]

(@)

1000 1200

1400

~
&
L N S A B B

VWF:CB [U/dL]
&

200

400

600 800
Time [min]

(b)

1000

1200

1400

Figure 4.48. Simulated response VWF:Ag (a) and VWF:CB (b) with MGM_3 Ag and SGM for patient 37.
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Figure 4.49. Simulated response VWF:Ag (a)daVWF:CB (b) with MGM_3_Ag and SGM for patient 45.

Looking at the results obtained, the MGM_3_Ag simulates quite well the antigen and collagen
responses for patients 11, 32 and 45. On the contrary, MGM_3_Ag produces a sensible deviation in

the values othe peak for patients 7 and 37 in both the model responses. This is not related to the

reliability of the correlations developed fQ, but to thestrongassumption made in the model

modification procedure. Precisely, suitable correlations have beertigated only for the three

kinetic parameterko, ki andke, while D andtmax, Which are the amount and maximum time of VWF

release, have been kept constant at the average value for each category. However, as it can be read i

table 4.29, the standard detron from the mean value lsrge especially foD.
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Table 4.29. Average D and..xVvalues for each category.

D standard tmax standard

[U/dL] deviation [min] deviation
HnonO 425.41 101.20 75.03 13.36
HO 567.64 154.40 60.03 14.32
2B 597.14 332.47 126.91 42.27
Vicenza 271.29 180.05 46.66 18.21

This means that the correlations (eq. 45 and eq. 46) found for Q are right, but to simulate the profiles
of response for a specific subject with precision, the punctual and not the average vdluasdor

tmax are required. In confirmation of this, the profiles of patients 11, 32 and 45 can be correctly
simulated because their punctidabndtmax values are closer to the average than those of patients 7
and 37 (table 4.30).

Table 4.30. Punctual D andaxvaues for the selected subjects.
D tmax

Patient  riyq11  [min]

7 558.98 96.11
11 443.06  76.07
32 426.27 43.86
37 294.12 | 113,14
45 281.82 46.75

Therefore, ideally response surfaces should be developed also for pardreteitsa. However,

this is na possible. Indeed, a=n be read in the mathematical definition@(eq. 4.4, ko, D and

tmax are all quantities required in the definition of the amount of VWF released. Moreover, in the
article by Galvanin et al. (2017), it was demonstratedkiextd D are highly correlated meaning that

the two parameters cannot be calculated separately. Furthetmgiis,not strictly related to any
basal clinical quantities but it is function of all the release path, meaning that it is almost impossible
to defire a basal state correlation for it. In addition, it is important to consider that there is a high
degree of uncertainty in the physiological description of the release of VWF in the bloodstream,
therefore it is not possible to change the mathematicaltsteuof the differential equations to
improve the description of the VWF release. To overcome the described issues, it seems reasonable
to execute the DDAVP just for the estimation of the release paramBteks gndtmay) and then

calculatek: and ke using MGM_2. In this way, the main objectives of the research are satisfied.
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Indeed, the DDAVP execution time can be sensibly reduced4oh8urs, wherea&: and ke
correlations are calculated from basal quantities derived from standard clinical trialsvefioiwe
confirm what stated, validation has been carried out§4eor more details).

4.2 Model validation

As described in 8 4.1, SGM has been modified into 3 different versions: MGM_1, MGM_2 and
MGM_3 (MGM_3_Ag and MGM_3 intra). The main difference beén the modified versions can

be found in the number of kinetic parameters that are calculated directly from basal state correlations,
without considering the DDAVP execution. In particular, MGM_3 distinguishes from the other
versions because it evaluagdighe kinetic parameterko( ks andke) from basal clinical trials (84.1.3).
Therefore, apparently, MGM_3 could help in the achievement of the most ambitious target of the
thesis, that is being able to completely eliminate the DDAVP execution for rnusdeification.
MGM_3, in both versions, has already been tested trying to simulate the model responses VWF:Ag
and VWF:CB of subjects (7, 11, 32, 37, 45) that belong to the pool of the VWD categories considered
in this study, but, results were not satisfyi(see 84.1.3 for more details). Indeed, MGM_3 is
characterized by a big uncertainty in the calculation of the release cdasfEm uncertainty is not
derived by the mathematical structure of the correlation but by the average values conferred to
paranetersD andtmax In confirmation to this deduction, model validation has been conducted on
MGM_3_Ag, which considers the correlation ferbuilt with standard clinical trials. The subjects
taken for validation do not belong to the pool of subjects densd in the study, but to a group of
patients that have been removed from the pool because they suffered of some medical issues during
the DDAVP execution. Thus, the data derived from an altered DDAVP could not be used in the
development of the responagfaces. The required input data of these subjects are reported in table
4.31.

Table 4.31. Required input data for model validation.

Patients | VWF:Ag VWF:CB VWFppratio VWF:R  Weight

1 108.9 119.3 0.71 1.10 75
19 58.10 145.20 0.84 0.97 51
39 34.60 12.00 1.65 0.34 50
50 18.10 18.50 11.33 1.02 67

Results are reported in figure 4.50, where it is clearly visible that MGM_3_Ag is not able to correctly

describe the VWF release path.
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Figure 4.50. Comparison between the simulated VWF:Ag profiles with MGM_3_Ag and SGM for patients 1
(@), 19 (b), 39 (c) and 50 (d).

Hence, with MGM_3 Ag it is not possible to achieve the eliminatiorhefRDAVP execution.
Probably, better results could be obtained by using MGM_3_intra, but this correlation has not to be
used to respect the important target of simplification, which must be met in our project (see 84.1.3

for more details).

However, it is pssible to demonstrate that the main target of the project, which is the reduction in
time of the DDAVP execution, can be reached. As seen in 84.1.2, MGM_2 calculates directly from
basal clinical trial&; andke values, whereds, D andtmaxstill need 6 be estimated through DDAVP.
Luckily, parameterko, D andtmaxare all model kinetic parameters that are required for the description
of the VWF release. Therefore, theoretically, the DDAVP execution can be reduced sensibly to the
time required for thestimation of the release parameters. Section 4.3 has been entirely dedicated to

the redesign of the timeeduced DDAVP. Furthermore, in 84.3, it has been demonstrated that the
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simple reduction in time to 3 hours of the 24 hours DDAVP protocol is succéssfiaé estimation

of ko, D andtmaxin all the considered categories.

Model validation has been carried out for MGM_2 with the same subjects used before for the
validation of MGM_3. In order to estimate the release parametésandtma in silico experimental

data have been generated for subjects 1, 19, 39, 50, with a normal random error characterized by zero
mean and a variance of four (see appendix C.1 for more details). Results are reported in table 4.32
and they have been used to estimate thdemmparameters for each subject with the procedure
described in §4.3.

Table 4.32. In silico experimental data for patients 1, 19, 39 and 50.

Time Prediction VWF:Ag Prediction VWF:CB Random error Experimental point VWF:Ag Experimental point VWF:CB
0 108.9 119.3 2.1865 111.0865 121.4865
15 147.06 157.21 2.2185 149.2785 159.4285
30 172.57 182.24 -1.7273 170.8427 180.5127
60 200.78 208.88 0.1547 200.9347 209.0347
120 216.9 221.13 -2.4282 214.4718 218.7018
180 216.94 217.36 -2.227 214.713 215.133
19
Time Prediction VWF:Ag Prediction VWF.CB Random error Experimental point VWF:Ag Experimental point VWF:.CB
0 58.1 145.2 -2.1781 55.9219 143.0219
15 93.63 180.56 0.0651 93.6951 180.6251
30 112.83 199.39 1.1051 113.9351 200.4951
60 127.99 213.52 2.2012 130.1912 215.7212
120 130.02 213.39 3.0884 133.1084 216.4784
180 125.8 207.3 0.1719 125.9719 207.4719
39
Time Prediction VWF:Ag Prediction VWF.CB Random error Experimental point VWF:Ag Experimental point VWF.CB
0 34.6 12 -0.3848 34.2152 11.6152
15 46.81 23.94 1.7772 48.5872 25.7172
30 56.01 3244 -1.5297 54.4803 30.9103
60 67.86 4217 -2.8045 65.0555 39.3655
120 76.33 45.67 -2.8448 73.4852 42.8252
180 75.8 41.07 0.9764 76.7764 42.0464
50
Time Prediction VWF:Ag Prediction VWF.CB Random error Experimental point VWF:Ag Experimental point VWF:CB
0 18.1 18.5 -1.6089 16.4911 16.8911
15 140.13 140.46 1.3932 141.5232 141.8532
30 176.16 176.35 1.6702 177.8302 178.0202
60 168.16 168.1 -0.4874 167.6726 167.6126
120 113.57 113.3 0.4313 114.0013 113.7313
180 76.2 75.95 -2.3317 73.8683 73.6183
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Table 4.33. Results of the estimation of the release parameters with thedilneed DDAVP for patients 1,
19, 39 and 50.

1 19 39 50
24 h time-reduced 24 h time-reduced | 24 h |time-reduced, 24 h | time-reduced
DDAVP DDAVP DDAVP DDAVP DDAVP DDAVP | DDAVP DDAVP

D [U 47086  470.30 331.76 349.49 | 32831 31235 | 421.00  424.67
Ko [minl] = 002570 ~ 002487 | 004430 003832 |0.02620 002592 | 003690  0.03632
t max [Min] 79.10 75.97 41.32 36.22 80.35 81.12 44.93 46.28

As the results presented in table 5.3 illustrate, the release kinetic parameters can clearly be estimated
with precision compared to the values obtained with the 24 hours DDAVP protocol. The new values
have been inserted in MGM_2 and thedwmlohas been simulated for all the different subjects. Then,
results have been compared with the profiles produced with SGM and clearly, MGM_2 is able to
reproduce correctly the profiles, onkgD andtmaxare estimated with a tirmeduced DDAVP. The
comparison of VWF:Ag and VWF:CB pro#is for patients 1, 19, 39 and, 3 illustrated in figures
4.51,4.52, 4.53 and 4.54.
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Figure 4.51. Comparison between the simulated VWF:Ag (a) and VWF}Brofiles with MGM_2 and
SGM for patients 1.
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Moreover, table 4.38hows the comparison between the values of the kinetic paranket&r stfax
ki1 andke) obtained by the combination of MGM_2 and the tireduced DDAVPand the values of
the parameters estimated through the original 24 hours DDAVP protocol with SGM.

Table 4.33. Comparison of the model parameters of subjects 1, 19, 39 and 50.

1 19 39 50
MGM 2 + MGM 2 + MGM 2 + MGM 2 +
24h time reauced time reauced time reauced 24h time re(_juced
DDAVP DDAVP DDAVP DDAVP DDAVP DDAVP DDAVP DDAVP

Ko [min?] = 0.025700C 0.0248700 | 0.04431520 0.03832008 0.02620 0.025921 ' 0.03690  0.03632
k1 [min?] | 0.000689C 0.0006995 |0.00056854 0.00057122 | 0.002875 0.0028663 | 0.00232 0.0022759
Ke [min?] ' 0.000652C 0.0006489 0.00118132 0.00118036 0.002671 0.0025464 0.00831 0.0083133
D [U] 470.86 470.30 331.76 349.49 328.31 312.35 421.00 424.67
tmax [Min] 79.10 75.97 41.32 36.22 80.35 81.12 44.93 46.28

In conclusion, as results demonstrate, the approach for model ickigifi proposed in this thesis,

that is, combining MGM_2 and the tinneduced DDAVP, allows to successfully estimate the kinetic
parameters of subjects that belong to the considered categories (HnonO, HO, 2B and Vicenza), but
that are not part of the poof subjects used to define the response surfaces. Thus, this means that

validation gives positive results.

4.3 Redesign of the DDAVP clinical trial

As illustrated insection4.1.3, the VWF release was found critical to define. Indeed, the linear
responsesurface with interactions may work accurately in the calculation of the release kinetic
constant, buD andtmax cannot be used at the average value of each category. Therefore, it seems
reasonable to exploit MGM_2 (84.2) and redesign the DDAVP clinidlttr estimate the release
parameters. For instance, to redesign the test, the trace of FIM in MGM_2 has been evaluated. In this
case, the trace evaluates the information content that can be brought by the parameters that define the
releaseko, D andtmax (figure 4.55.1.
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Figure 4.55. Trace of FIM considering all the VWD categories in SGM (a) and MGM_2 (b).

Trace of FIM in MGM_2

As figure 4.55.ldemonstrates, three hours appear to be a sufficient amount of time in MGM_2 for
reaching the @ak in the information content considering all the VWD categories. On the contrary,

the maximum information content cannot be reached by SGM in the DDAVP execution time, as
visible in figure4.55.a Hence, considering the results obtained from the analfsie information

content, it may be possible to exploit MGM_2 and reduce the DDAVP to 3 hours.

Initially, the original 24 h DDAVP desigi0, 15, 30, 60, 120, 180, 480, 1440] has been simply

reduced.

The reduction acts both in the execution time aridemumber of sampling points. Indeed, the time
reduced DDAVHO, 15, 30, 60, 120, 180&sts for 3 hours instead of 24 hours and the number of

sampling pointss now fixed to 6 instead of 8.

The timereduced DDAVP design required validation to undersiatige release parameteks D

and tmaxcan still be estimated with precision. Thus, a random set of experimental data has been
generated for each category, considering a normal random error with zero mean and a variance of 4.
The set of experimental datised for design validation are reported in appendix C (8C.1). The patients
taken as reference to conduct the validation of the-tedaced DDAVP are: patient 11 for HnonO,

32 for HO, 37 for 2B and 45 for Vicenza categories. In silico experimental aagcbleen generated

to perform parameter estimati on, whose appl i e
VWEF:CB readings, is:

Step Oall parameter&o, D andtmax are left free to vary starting from the initialization value that is

the punctual vale for each subject estimated through the 24 hours DDAVP design with SGM.

Step 1tmaxis set at the value used in the previous step, whdadD are estimated.
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Step 2koandD are set at the value used in the previous step, whilés estimated.

Sep landstep 2are repeated until the estimates do not vary significantly (i.e. until the difference

between the estimates is lower than 0.1 % for each parameter).

Results of the estimation and the comparison between the 24 hours DDAVP and tredtiosd

DDAVP are reported in table 4.34

Table 4.34. Parameter estimation results (patients 11, 32, 37 and 45) executed with theduced
DDAVP (tref = 0.1837)

11
24 h DDAVP time-reduced DDAVP 95% conf. Interval 95% t-value standard deviation
D [U] 558.98 578.35 120 4.6 56
ko [min-1] 0.0279 0.0282 0.0021 13 0.00094
tmax  [min] 96.11 93.75 0.63 150 0.29
32
24 h DDAVP time-reduced DDAVP 95% conf. Interval 95% t-value standard deviation
D [U] 294.12 293.18 93 3.2 42
ko [min-1] 0.04585 0.04586 0.0066 7 0.0029
tmax  [min] 43.86 43.93 0.71 62 0.32
37
24 h DDAVP time-reduced DDAVP 95% conf. Interval 95% t-value standard deviation
D [U] 426.27 426.32 160 2.6 72
ko [min-1] 0.0197 0.0197 0.0029 6.8 0.0013
tmax  [min] 113.15 113.14 21 54 0.96
45
24 h DDAVP time-reduced DDAVP 95% conf. Interval 95% t-value standard deviation
D [U] 281.81 280.33 120 2.2 56
ko [min-1] 0.0606 0.0607 0.0088 6.9 0.0039
tmax  [min] 46.76 46.86 0.63 74 0.29

As it is possible to understand from the values of the parameters obtained, thedtiicetiesign is
able to correctly estimate the release parameters of each patient. The standard deviation for parameter
D is quite high, but, the goodness of the estimation is then reinforced byahees, which are

substantial for all the subjects in the poo

However, the design used to get the experimental data for estimating the release parameters is just a
reduction in time of the original 24 DDAVP protocol.Thus, the timgeduced design has to be
optimized for a reduced tirAgorizon. To optimize thertiereduced DDAVP protocol, the design of
experiment package in gPROM®as been used. The applied procedure can be summarized as
follow:
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Step 0selection of the subjects of reference;

Step 1sampling time optimization in gPROMSor each subject;
Step 2new DDAVP protocol definition;

Step 3new DDAVP protocol validation.

Four subjects for each of the considered categories (HnonO, HO, 2B and Vicenza) have been taken
as reference to conduct the optimization. The selection of the patients was exeostddritg

subjects with sensibly different values of the model paramletddsandtmaxeven if belonging to the

same class. This approach has been chosen to guarantee a complete description of the subjects in th

pool. The patients taken as referenceefach ctegory are reported in table 4.35

Table 4.35. Selected subijects.
Patient

HnonO 11 5 15 14
HO 32 20 30 18
2B 37 38 41 40

Vicenza 45 48 43 46

Punctual data of each subject (appendix A) have been inserted in gFRaDI$he timaeduced

DDAVP [0, 15, 30, 60, 120, 180jas been used as initial guess for the sampling time to optimize.
Then, the optimization has been carried out considering three experiment design approaches: A
optimal, D-optimal and Eoptimal. Results of the punctual optimizatiexecuted for each selected
subject are illustrated in appendix C (8C.2).

The DDAVP protocol must be unique for all the categories. Indeed, theoretically, the class of
belonging of the patients is at the beginning unknown. To unify the protocol, thgawalae of

each optimized sampling point for all the selected subjects among the categories has been evaluated.

Results are reported table 4.3Gor the three designs.

Table 4.36 Average optimized sampling time among the categorie
Average A Round A Standard Average D Round D @ Standard Average E = Round E | Standard

[min] [min] deviation [min] [min] deviation [min] [min] deviation
0 0 0 0 0 0 0 0 0
18.27 18 6.4 20.83 20 8.0 18.27 18 6.4
36.51 36 9.9 37.32 35 9.0 36.51 36 9.9
61.49 60 11.6 55.39 55 10.3 61.49 60 115
156.84 155 42.9 141.09 140 44.5 156.84 155 42.9
171.83 172 42.9 165.98 166 46.5 171.85 172 43.0
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As is visible in the results obtained, A and E optimal designs produce an identical optimized sampling
time consideringhte average values, therefore just two optimized designs have been considered (A
optimal and DBoptimal). Furthermore, the standard deviation sensibly increases in the last two
sampling points. This is linked to the DDAVP profile that behaves differentlygriw categories.

In fact, the time required for reaching the peak of release in Vicenza category is almost half of the
time required by HnonO subjects. On the contrary, the standard deviation is lower in the initial
sampling points because at the begigrthe DDAVP trend is similar between the categories.

A-optimal and Doptimal designs have then been tested and validated. To test their robustness, the
designs have been carried out for the subjects that are characterized by the highest variance
covariane matrix. In table 4.38he determinant of the variancevariance matrix has been reported,

for each subject considered, as metric to define the most critical situations. This approach is called
Afwoxats eo anmditregrabents the most intuitive yvor evaluating the robustness of a

specific design. The patients, which have been considered for validation are:

Patient 5 for HhonO;
Patient 20 for HO;

1
1
1 Patient 38 for 2B;
1

Patient 48 for Vicenza.

Table 4.36. Determinant of the varianeeovariance matu for the different subjects taken as reference.

Patient

HnonO 11 5 15 14
Determinant 5.68E03 4.1E02 @ 7.30E.03 5.56E03

HO 32 20 30 18
Determinant 5.34E02 5.20E01 3.9802 7.51E02

2B 37 38 41 40
Determinant 2.19E02 1.05E01 1.22E02 9.24E03

Vicenza 45 48 43 46

Determinant = 1.12E01 2.27 3.56E01 5.06E01

Parameter estimation has been executed for all the subjects taken as reference (5, 20, 38, 48),
following the procedure applied in the time reduced DDAVP design. Results are reported in table
4.37for A-optimal design and in tabke38for D-optimal design.
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Table 4.37. Parameter estimation through-@ptimal protocol.

24 h DDAVP
407.02
0.0294

69.19

24 h DDAVP
412.17
0.0313

40.1

24 h DDAVP
930.25
0.0086

176.32

24 h DDAVP
50.6
0.0996
34.54

A-optimal design
385.64
0.0299

69.56

A-optimal design
453.08
0.0298

40.86

A-optimal design
583.59
0.0168

109.7

A-optimal design
47.43
0.0993
33.79

5
95% conf. Interval
140

0.0046
1.2

20
95% conf. Interval
220
0.0099

3.2

38
95% conf. Interval
200
0.0025

2.2

48
95% conf. Interval
120.00
0.068

12

95% t-value
2.8
6.5
60

95% t-value
2
3
13

95% t-value
29
6.6
49

95% t-value
0.41

15
28

Table 4.38. Parameter estimation through-8ptimal protocol.

24 h DDAVP

407.02
0.0294

69.19

24 h DDAVP
412.17
0.0313

40.9

24 h DDAVP
930.25
0.00855
176.32

24 h DDAVP
50.6
0.0996
34.54

D-optimal design
342.23
0.0322
71.06

D-optimal design
441.789
0.0298
39.95

D-optimal design
496.39
0.01792
109.02

D-optimal design
50.58
0.09906
34.34

5
95% conf. Interval
120
0.0048
1.1

20
95% conf. Interval
220
0.01
3.2

38
95% conf. Interval
180
0.0028
2.2

48
95% conf. Interval
130
0.072
11

95% t-value
2.7
6.7
64

95% t-value
2
3
12

95% t-value
2.7
6.5
49

95% t-value
0.39
14
31

standard deviation
62
0.0021
0.53

standard deviation
100
0.0044
14

standard deviation
89
0.0011
1

standard deviation
52

0.031
0.54

standard deviation
56
0.0021
0.51

standard deviation
100
0.0045
15

standard deviation
82
0.0012
1

standard deviation
58
0.032
0.5
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As is clearly visible from the results obtained, the stashdawiation is high for parametBrin all

the selected subjects, but thealue is generally not bad. As can be read from the tables, the values

estimated by the new designs with MGM_2 are close to the values estimated by SGM, even if the

sampling pointsare different. The results can better visualized in figures 4.56 and 4.57
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Figure 4.56. Comparison between the generated and predicted VWF:Ag (a) and VWF.CB (b) profiles for

patient 5 using the -ptimal design.
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Figure 4.57. Comparison between the generated and predicted VWF:Ag (a) and VWF:CB (b) profiles for
patient 5 using the @ptimal design.

Figure4.56illustrates the comparison between the experimental data and the predicted profiles for
VWF:Ag (a) and VWF:CB (b) rgponses for patient 5, using the parameters estimated with-the A
optimal design. The same comparison is shown in figus@ in which, differently, the parameters

have been estimated with thedptimal design. As is clearly visible, both the optimizecetieduced
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designs Aoptimal and Doptimal allow to estimate correctly the parameters. Indeed, the predicted

profiles approximate well the generated experimental data.

To test the robustness of the redesigned DDAVP clinical trial, the parameter estipratiedure

has been again executed on the same subjects (5, 20, 38, 48) followingpghma and Boptimal

sampling times, but based on a set of experimental data characterized by an error with a variance of
36. This analysis is quite important, becausethe clinical procedures the error made on
measurements execution is usually not negligible and the designs must be sufficiently robust to deal
with that.

The generate experimental data are reported in table C.3 of appendix C (8C.1). Results are reported
in table4.39 and4.40for A-optimal and Boptimal designs, respectively. As tables illustrate, the
standard deviations associated to parameter D are higher andales are sensibly lower than

those calculated with the experimental data set genewvateda variance of 2. However, the

estimation of the parameteks, D andtmax iS acceptable, even if the related uncertainty increases

significantly.
Table 4.39. Parameter estimation through-@ptimal protocol(t.es = 0.1534)
5
24 h DDAVP A-optimal design 95% conf. Interval 95% t-value standard deviation
D U] 407.02 405.24 1300 0.32 570
ko [min-1] 0.02934 0.02919 0.041 0.71 0.018
tmax  [min] 69.19 69.19 11 6.5 4.8
20
24 h DDAVP A-optimal design 95% conf. Interval 95% t-value standard deviation
D U] 412.17 416.93 1900 0.21 870
ko [min-1] 0.0313 0.0321 0.096 0.34 0.043
tmax  [min] 40.09 41.92 28 15 13
38
24 h DDAVP A-optimal design 95% conf. Interval 95% t-value standard deviation
D [U] 930.25 467.17 1500 0.31 680
ko [min-1] 0.00855 0.0184 0.025 0.74 0.011
tmax  [min] 176.32 109.2 20 5.4 9.2
48
24 h DDAVP A-optimal design 95% conf. Interval 95% t-value standard deviation
D [U] 50.6 47.8 1000 0.046 460
ko  [min-1] 0.0996 0.0996 0.61 0.16 0.27
tmax  [min] 34.54 34.54 9.9 35 45
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Table 4.40. Parameter estimation through-@ptimal protocol.

5
24 h DDAVP D-optimal design 95% conf. Interval 95% t-value standard deviation
D [U] 407,015 415.83 1200 0.35 540
Ko [min-1] 0.0294 0.0307 0.037 0.82 0.017
t max [min] 69.19 734 9.3 7.9 4.2
20
24 h DDAVP D-optimal design 95% conf. Interval 95% t-value standard deviation
D [U] 412.17 419.7 1900 0.22 860
Ko [min-1] 0.0313 0.0326 0.093 0.35 0.042
e [min] 40.09 43.15 26 1.7 12
38
24 h DDAVP D-optimal design 95% conf. Interval 95% t-value standard deviation
D [U] 930.25 946.19 3100 0.3 1400
Ko [min-1] 0.00855 0.0126 0.023 0.56 0.01
e [min] 176.32 104.47 22 4.7 10
48
24 h DDAVP D-optimal design 95% conf. Interval 95% t-value standard deviation
D [U] 50.6 50.57 1200 0.043 530
Ko [min-1] 0.0996 0.0988 0.65 0.15 0.29
e [min] 34.54 34.54 9.7 3.6 4.4

As can be read from tablé89and4.4Q the release paramet&ssD andtmaxcan be estimated correctly even
from an in silico data set generated with a variance of 36. This result has beeallyraghiessed in figure
4.58and4.59 taking as example subject #8figure4.58 the experimental and predicted profiles of VWF:Ag
response generated with a variance of 4 (a) and a variance ofdé\lng the Aoptimal desigrhave been
comparedThe same comparison has been carried old-fgptimal desigrand reported in figurd.59 The
predicted profile shows the same value of the peak and the same shape in both. pausest.58b. This is

a graphical demonstration that the paramégel> andtrwaxhave been estimated precisely, even if the error in
the experimental data is higher in figdt&8b. On the contrary, the position of the peak is different in figure
4.59a andt.59b. Indeed, as readable in tathlél, the value oD is esimated with uncertainty even if the order
of magnitude is correct. However, the difference in the value of the peak betweed.fi§arand4.59b is

lower than 20 U/dL, therefore the error is clinically accepted.
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Figure 4.58. Comparisorbetween the experimental and predicted VWF:Ag profiles for patient 48 using the

A-optimal design with a variance of 4 (a) and a variance of 36 (b).
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Figure 4.59. Comparison between the experimental and predicted VWF:Ag profilpatient 48 using the

D-optimal design with a variance of 4 (a) and a variance of 36 (b).

The original 24 hours DDAVP protocol has been shortened thanks to the modification of SGM into

MGM_2. Indeed, now, only the release parameker® andtmax need tobe estimated, whereés

andkeare explicitly calculated from basal quantities. Different tieéuced DDAVP designs have

been tested:

1 Time-reduced design (simple reduction in time of the original 24 h DDAVP protocol);

1 A-optimal design;
1 D-optimal design.
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All the designs have been tested and validated generating a random set of experimental data for
specific patients in each category of VWD and estimating the release pard@®esdimax. Then,

the robustness of the two optimized designs has alscebeea | y s e d t h rcoausgeh” tnheet h'c
As reported in the discussion, all the designs allow to estikpaleandtmaxwith precision. Hence,

it is impossible to select the best design. Furthermore, as can be clearly visualized i &i@uhe

threedesigns are similar in terms of position in time of the sampling points.

200 T T T T T T T T T

Il time-reduced
" (I A-optimal
Il D-optimal

[y
[
o

100

Sampling time [min]

50

Sampling point

Figure 4.60. Comparison between the position of the samplings in the three considered DDAVP designs: time
reduced, Aoptimal and Doptimal design.

The similarity that can be notd mathematically between the various designs is instead considered
equality in the clinical management. In simple terms, for doctors and nurses, tmediumed design,
A-optimal and Doptimal designs are completely identical. In fact, in the everydeyca
procedures, it is impossible to perform measurements with a precisiorléfhihutes. Therefore,
referring to the DDAVP execution, taking samples at 172 minutes (asptifal design) or at 180

min (as in the tim@&educed design) is the samedéed, an error of 8 minutes is totally admitted in

the medical procedures. In conclusion, the three tested designs are identical and allow us to get the
right estimation of the release parameters. For simplicity, the simple 3 hounetdowed DDAVP

[0, 15, 30, 60, 120, 180jas been used to test MGM_2 in different case studie® 48d &!.4).
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4.4 Model representation of out-of-category subjects

Finally, it could be interesting to test the ability of MGM_3_Ag and MGM _ 2 of representing subjects
thatdo not belong to the already considered categories (HnonO, HO, 2B and Vidéwrzajocedure

has been tested on patients that belong to other VWD subcategories, which in both cases show a
symptomatology (alteration of VWHke that observed in some ofalVWD classesreated in this

study In particular, the subjects that have been considered are four (53, 54, 55 and 56). Two of them
(53, 54) are defined as 2A&e patients, meaning that they possess specific mutations, which produce

an alteration of VWEimilar to that present in normal 2B patients. Instead, subjects 55 and 56 suffer

of a particular VWD type 1, which brings the VWF to behave similarly to that of 2B patients.

The four patients have been at first tested with MGM_3_Ag, whose requireciatpuaire reported
in table4.41

Table 4.41. Required input data for the simulation with enftcategory patients.
Patients | VWF:Ag VWF:CB VWFppratio VWF:R  Weight

53 32.05 29.50 1.89 0.92 60
54 31.50 25.50 1.93 0.81 45
55 29.70 12.90 4.00 0.43 62
56 31.50 16.60 3.25 0.53 65

MGM_3 Ag is able to simulate the subjects only with the basal state correlatidas Koandke
tailored for 2B category. This is the first important result, because it means that the model
MGM_3 Ag can correctly classify theapents. In confirmation of this, it is possible to analyse, in
figure 4.61, the relative position of the response surfaces generated for each VWD catdg@ay, in

ki1 (b) andke(c) correlations.
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Figure 4.61. Relative position afhe response surfaces in(k), k (b) and k(c) correlations.

As is possible to understand, the response surfaces do not cross between each other, meaning tha
classification with VWD categories can be conducted with MGM_3_Ag.

However, as illustrated ifigure 4.62 MGM_3_Ag is not able to reproduce correctly the VWF:Ag

and VWF:CB profiles, because the error between the experimental and simulated trends is relevant
for all the patients.
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Figure 4.62. Comparison between experimental and simulated VWF:Ag and VWF:CB profiles with
MGM_3_Ag for patients 53 (a), 54 (b), 55 (c) and 56 (d).
The error is higher in the release path and in particular in the position of the peak. This observation
reinforces thalready known deduction thB andtmax cannot be used at the average value of each
category. Therefore, the approach defined in the thesis has been used. Treduired DDAVHO,
15, 30, 60, 120, 180jas been applied to estimate the release paranket®andtmax for patients
53, 54, 55 and 56. Then, the estimakedD and tmax have been substituted in MGM_2 and the
VWF:Ag and VWF:CB have been simulated and compared with the experimental DDAVP data.
Results are reported in figue63and as can beearly visualized, MGM_2 allows to reproduce the

profiles with a lower error.
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for patients 53 (a), 54 (b), 55 (c) and 56 (d).

Even in this case the profiles cannot perfectly overlap with the experimental data, because the patients

and simulated VWF:Ag and VWF:CB profiles with MGM_2
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do not strictly belong to the four categories considered in this study.

Of course, the target of reproducing subjectsaftdategory with MGM_2 is ndb make diagnosis,

but to observe, once the diagnosis is known, some biochemicals details, that can help physicians in
the characterization of VWF path. In order to make a reliable nimsd diagnosis and
characterization for these particular subjebt§M_2 should be extended also to VWD type 1 and

to other VWD classes (2N, 2M, 2A 1, 2A 1l) and subcategories. Future work will be indeed oriented

on this extension in order to make the model more general.
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Conclusions

The diagnosis of VWD is a complex kamade more difficult by the various number of VWD
subtypes (type 1, 2A, 2B, Vicenza and others). PK models have been recently proposed for disease
classification and characterization. The big advantage of using PK models to help in the diagnostic
process of VWD is that it is possible to quantify the mechanisms of:

1 VWF releasekp)
1 VWEF proteolysis K1)
1 VWEF elimination k)

At first, SGM has been proposed as PK model for disease characterization and classification. The
SGM works well for the estimatioof the PK parameters, but a 24 hours DDAVP needs to be carried
out to achieve a statistically satisfactory estimation of the disease metabolic parameters. However,
the main issue is that a 24 hours DDAVP test is required for model identification arsdah@ng

and invasive nomoutine test. Therefore, in this Thesis a way for achieving model identification only

from basal clinical trials has been studied. The alternative basal tests considered in this study are:

1 VWFpp, to quantify VWF elimination frorthe bloodstream
1 VWEF:Ag to evaluate the number of VWF antigens in the bloodstream
1 VWEF:.CB to analyse the VWF in binding with collagen

From them, two other physiological quantities are derived:

1 VWFpp ratio, expressed as VWFpp/VWF:Ag
1 VWEFR, defined as VWF.CB/WF:Ag

Response surface metodology has been applied for the development of suitable correlations, which
relate explicitly the kinetic parameteagks, ke of model SGMwith basal clinical trials.

1 koA f(VWF:Ag, VWF:R, intraplatelet VWF)
1 kA f(VWF:Ag, VWFpp ratio)
1 keA f(VWFpp ratio, VWF:R)
Then, the new equations have been substituted into SGM. In particular, three levels of model

modification have been proposed:

1 MGM_1, in which only the correlation for the elimination kinetic conskahtas been adckl
in the equation set of SGM;

1 MGM_2, in which correlations fdteandki have been inserted in SGM,;
1 MGM_3, where all the kinetic parametdesk:, keare calculated directly from basal data.
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Conclusions

The three models have been tested and results demonstratdétial and MGM_2 work well for

disease characterization, whereas MGM_3 produces a sensible error in the release description.
Indeed, the comparison between MGM_1, MGM_2 and SGM shows that the profiles overlap. On the
contrary, the error produced by thensiation of VWF:Ag and VWF:CB responses with MGM_3 is

high for some subjects if compared with the profiles generated by SGM. The reason can be found in
the assumption made for model modification. Precid@lgndtmax, Which are two other relevant
guantites for describing the release, cannot be used at the average value of each category, but they
must be specific for each subject. The problem is that explicit correlatioBDs&ndtmaxcannot be

defined from basal trials. Hence, it is impossible to dbsctine release precisely with MGM_3.
However, the results obtained from model modification highlighted the possibility to redesign the
DDAVP based on MGM_2 and to sensibly reduce the test execution time.

In conclusion, the most ambitious target of thejgmh that is the elimination of the DDAVP
execution for model identification has not been achieved completely. Indeed, even if suitable
correlations for the calculation &b at the basal state have been defined, the uncertainty on the
average values ohé parameter® andtmax does not allow to reproduce VWF:Ag and VWF:CB
profiles with precision as in SGM. However, important achievements have been reached throughout
this work: the SGM model has been modified into MGM_2, that explicitly evallatasd ke from

basal quantities; the release parameters still need to be estimated through the DDAVP clinical trial,
but the DDAVP duration has been successfully reduced to three hours. The reduction in time of the
clinical trial is remarkable because it stronighproves the quality of life of the patients that undergo

a less stressful clinical procedure and it facilitates the clinical management considering both

economical and organizational aspects.

Future work will be carried out to define clearly the regiohwvalidity of the model among the
different categories and to reinforce model validation by applying MGM_2 and theddueed
DDAVP to characterize the VWF:Ag and VWF:CB profiles of new patients, which do not belong to
the pool of subjects already cotsied. Furthermore, the results obtained through this thesis could
represent the first step towards the implementation of a software that will be developed to help

medical doctors in the VWD diagnosis and characterization.
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yo
ybCB
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Symbols

first RSM parameter

second RSM parameter

third RSM parameter

fourth RSM parameter

kinetic constant of release

kinetic constant of proteolysis

kinetic constant of elimination

amount of WF released

ultra large and high molecular weight multimers units
ultra large and high molecular weight multimers units (basal s
low molecular weight multimers units

low molecular weight multimers units

antigen concentration

collagen binding concentration

antigen concentration at the basal state

collagen binding concentration at the basal state
approximate distribution volume

correction factor

corrected collagen binding concentration

Greek letters

variance

Vectors and matrices

sensitivity vector 0
Fisher information matrix 0

initial parameter set 0

[min]
[min]
[min]
[min]
[min]
[min]
[min]
[U]
[U]
[U]
[U]
[U]
[U/dL]
[U/dL]
[U/dL]
[U/dL]

[mL/kgew]

[-]
[U/dL]

w0
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— parameter set 0

— perturbed parameter set 0

A sensitivity on antigen concentration Q

n sensitivity oncollagen binding concentration Q

0 i trace of FIM [-]
Acronyms

VWD von Willebrand disease

VWF von Willebrand factor

VWF:Ag VWEF antigen concentration

VWF:CB VWEF collagen binding concentration

VWF:RCo VWEF ristocetin cofactor tivity

VWFpp VWEF propeptide

VWFpp ratio VWEF propeptide ratio

VWF:R VWEF collagen binding and antigen concentration ratio

RIPA ristocetin induced platelet adhesion

FVIII factor eight

DDAVP desmovasopressin

UL+HMW ultra large plus high molecular weigh

LMW low molecular weight

RSM response surface methodology

PK pharmacokinetic

FIM Fisher information matrix

SSE sum of squared errors

SST total sum of squares

SSR residual sum of squares

RMSE root mean squared errors

PSE Process systems ernese

DAE Differential and algebraic equation
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Appendix A

A.1 Available dataset for healthy subjects

Patient

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

VWF:Ag

108.9
80.6
86.80
85.00
122.20
58.3
51.70
87.7
79.90
104.50
105.80
217.30
105.70
65.80
99.20
107.20
56.20
58.10
54.50
62.2
53.20
79.50
61.00
86.00
80.6
183.80
55.60
50.60
159.20
58.70

Table Al. Punctual data for HnonO and HO categories.

VWF:CB

119.3
101.5
91.90
93.60
131.70
88.4
57.20
98.4
83.70
155.20
119.20
311.00
139.10
68.50
110.00
110.00
67.80
56.50
145.20
72.1
69.20
119.05
66.70
104.70
110
204.00
74.40
54.30
164.70
75.20

VWFpp
ratio

0.714
0.962
0.768
0.953
0.696
1.288
1.41
0.916
1.047
1.028
1.125
1.345
0.876
0.855
0.858
0.828
1.651
1.196
1.147
1.397
1.073
1.032
1.133
0.910
0.911
0.609
1.081
1.130
0.799
1.332

VWEF:R

1.095
1.259
1.059
1.101
1.077
1.516
1.106
1.122
1.047
1.485
1.126
1.431
1.316
1.041
1.108
1.026
1.206
0.972
2.664
1.160
1.300
1.497
1.093
1.217
1.364
1.109
1.338
1.073
1.034
1.281

ke

3.453E04
6.828E04
8.057E04
7.199E04
4.200E04
5.716E04
1.177E03
4.825E04
5.212E04
1.510E03
9.355E04
1.151E04
7.293E04
8.531E04
9.0041E04
1.083E03
1.896E03
3.037E03
8.187E04
1.146E03
2.337E03
1.131E03
2.109E03
1.587E03
1.633E03
1.262E03
9.170E04
1.871E03
1.388E03
1.205E03

ko

5.74E04
1.69E07
1.61E04
1.46E04
7.12E05
4.41E04
1.19E04
5.70E04
1.69E07
4.45E04
2.53E04
3.09E04
5.56E04
1.72E07
2.10E07
3.84E04
2.24E07
1.77E03
3.19E03
2.18E07
5.33E04
5.61E05
4.99E05
7.77TE04
2.22E07
1.33E03
3.96E04
5.46E04
2.25E07
9.92E04

k1

0.025
0.024
0.023
0.038
0.029
0.055
0.028
0.025
0.024
0.028
0.023
0.026
0.034
0.026
0.0172
0.016
0.035
0.044
0.031
0.041
0.027
0.029
0.024
0.021
0.020
0.023
0.019
0.018
0.015
0.021

Diagnos
is

HnonO
HnonO
HnonO
HnonO
HnonO
HnonO
HnonO
HnonO
HnonO
HnonO
HnonO
HnonO
HnonO
HnonO
HO
HO
HO
HO
HO
HO
HO
HO
HO
HO
HO
HO
HO
HO
HO
HO
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32
33
34
35

63.20
58.80
62.10
53.00

93.80
68.20
53.8
64.30

1.389
1.263
1.241
1.279

1.484
1.159
0.866
1.213

A.2 Available dataset for 2B and Vicenza subjects

108

Patient
36
37
38
39
40
41
42
43
44
45
46
47
53
48
49

17.50
39.60
43.00
34.60
42.90
19.89
48.00
11.25
18.10
6.90
10.22
7.99
8.69
6.10
7.20

9.25
9.30
20.7
12
10.6
9.7
10.6
8.55
18.5
5.6
10.40
8.45
8.5
5.49
3.60

VWF:Ag  VWF:CB VWHFpp ratio

2.77
1.98
21
1.65
2.9
2.79
2.00
5.05
11.33
6.7
11.2
10.42
7.20
7.08
10.85

VWEF:R

0.528
0.234
0.481
0.346
0.247
0.487
0.220
0.760
1.022
0.811
1.017
1.057
0.978
0.900
0.500

Table A2. Punctual data for 2B and Vicenza categories.

1.285E03 2.18E04  0.046 HO
2.602E03 2.10E03 0.025 HO
9.465E04 1.44E04 0.020 HO
1.277603  6.96E04 = 0.034 HO
ke ko ki Diagnosis
4.573-03 0.021 0.02015 2B
2.76E-03 0.003 0.01970 2B
3.67F-03 2.91E-06 0.00855 2B
2.18E&-03 0.00321 @ 0.02617 2B
2.40%-03 0.00321 = 0.02239 2B
5.27€-03 0.00179 @ 1.61E02 2B
2.90F-03 0.00537 @ 0.02227 2B
1.03F-02 0.00330 0.06932 Vicenza
8.63F-03 7.14%-05 0.036998 Vicenza
9.037E-03 0.00059 | 0.06059 Vicenza
6.044£-03 0.00040 @ 0.09123 Vicenza
8.34&-03 6.99E-05 0.10348 Vicenza
9.32F-03 5.52&-05 0.10481 Vicenza
5.37F-03 2.369E05 = 0.09960 Vicenza
9.73&-03 0.00895 0.01920 Vicenza



Appendix B

B.1 Investigation of the response surface for parameter ke

Thanks to the collaboration with the medical school, & b@en suggested to investigate a possible
correlation between the elimination kinetic paramki@nd VWFpp ratio. Indeed, commonly blood
coagulation experts exploit VWFpp ratio quantity to indirectly measure the elimination of VWF from
the blood streamAnalysing the relation between VWFpp ratio dadfig. B.1), clusters are clearly

visible between the different categories.

12 -
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HO md6 :? mdd
10K m 2B "
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mH3
_% L md8 -5
[} 6
ey ud3
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515{;,40 .5 36 g1
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= | 5
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0.000 0.003 0.005 0.007 0.010
ke

Figure B.1. Correlation between VWFpp ratio ane k

As expected, Vicenza subjects show a higher VWFpp ratio compared to #recotisidered
categories. This finding is due to the low VWF:Ag level in the blood stream usual in Vicenza
category, which is caused by an increased elimination comkst&uirthermore, as illustrated in figure

B.2 also the correlation betwe&wand VWFR has been analysed. The picture clearly shows that
healthy subjects have a VWF:R value around 1, whereas unhealthy subjects slightly lower with a

higher elimination constant.
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r = HnonO
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Figure B.2. Correlation between VWF:R and k

Looking at figure B.1, linearénds between the categories might be considered. However, as figures
B.3, B.4, B.5 and B.6 demonstrate a one factor linear correlatidag does not work.
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Figure B.3. Linear fitting of VWFpp ratio and ke considering HnonO category.
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Figure B.4. Linear fitting of VWFpp ratio and ke considering HO category.
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Figure B.5. Linear fitting of VWFpp ratio and ke considering 2B category.
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Figure B.6. Linear fitting of VWFpp ratio and ke considering Vicenza category.

As is possible to understand from tiesults obtained a one factor correlation is not sufficient to allow
the calculation of the elimination constant from basal state clinical quantities. Therefore, RSM has
been applied for studying a suitable correlationkicais function of VWFpp ratio andWF: R. In
particular, two analytical forms of the correlation have been investigated. As seen in 84, linear
response surface with interactions has been chosen to modify the SGM (2017) into MGM_1.
However, also the quadratic response surface with intenacthas been studied as possible

mathematical form of the correlation.
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(c) (d)
Figure B.7. Quadratic fitting for parameterdtinonO (a), HO (b), 2B (c) and Vicenza (d) categories.

However, even if the fitting appears to work welbffr both visual and statistical analysis) for all the
categories of disease, the choice goes on the linear response surface with interaction instead of on the
guadratic response surface, because the AIC is lower (see table B.1). The AIC is a good thdex for
evaluation of the quality of fitting (82.2.4), and its definition states that the best model is the model

with the lowest number of parameters but able to produce eghigiity fitting.
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Table B.1. AIC index for linear and quadratic response surfagth interactions.

AlC
Linear response surface  Quadratic response surface
HnonO 4.64E+01 4.74E+01
HO 4.10E+01 4.44E+01
2B 4.06E+01 4.21E+01
Vicenza 3.33E+01 4.44E+01

In conclusion, visual, mathematical and statistical analysis confirms that liesponse surface with

interactions is the best structure for model modification of the system considered in the study.

B.2 Investigation of the response surface for parameter ki

Several basal clinical quantities can be meaningfully related to thataefiof the correlation for

the proteolytic parametds. In particular, some of the clinical measurements that can be related to
the proteolytic parameter are: VWFpp ratio, VWF:R and VWF:Rco. As figure B.8 illustrates, the
analysis of the one factor cefation between VWFpp ratio anld shows clusters between the
different categories but trends are clearly not recognizable. This means thatkeas fone factor

correlation is not sufficient for the calculationkelusing basal state quantities. Téfere, RSM needs

to be applied.

3.0 T T T T T T T T T
L . HnonO |
25k u HO _
2B ]
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0.000 0.005 0.010 0.015 0.020 0.025

k1
Figure B.8. Correlation between VWF:R and. k

Considering that botk; andke are related to VWF:R and VWFpp ratio, a linear response surface
with interactions has been developedkoas function oke and VWF:R. Howeve as is visible from
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figure B.9 and from the Rn table B.2, the results of the fitting are completely not satisfying, meaning

that other correlations need to be investigated.

(©) (d)

Figure B.9. Linear response surface with interamts considering HnonO (a), HO (b), 2B (c) and Vicenza (d)

categories.

Table B.2. R? values for the different categories.

RZ
HnonO 0.56164
HO 0.79905
2B 0.58816

Vicenza 0.96522
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It is known that VWF:Rco is one of the most important assays for theatiosm of the proteolytic
behaviour of VWF. Therefore, RSM has been applied finding a new explicit correlatién der
function of VWF:R and VWF:Rco. The form of the correlation is again a linear response surface with
interactions. The correlation hasdn tested for HO, 2B and Vicenza categories because VWF:Rco
experimental values for HhonO category were not available. As visible from figure B.10 and table

B.3, results of the fitting are really satisfying.

(€)

Figure B.10. VWF:Rcalinear response surface with interactions considering HO (a), 2B (b) and Vicenza (c)

categories.
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Table B.3. R? values for the different categories in VWF:Rco correlation.

RZ
HO 0.99132
2B 0.98601

Vicenza 0.98931

However, the target of the project istronly the reduction of the time required by the DDAVP
execution, but also to simplify the diagnosis and characterization of VWD. Therefore, simplification
implies not only the reduction of the DDAVP execution time, but also the definition of possible
correlations, which depend on clinical trials easy to conduct. To respect this purpose, VWF:Rco must
not be adopted in the definition &f. Indeed, VWF:Rco is a timéemanding assay that requires
specific instrumentations and a good ability in platelets gpamant to limit the errors.

Starting from the SGM a mass balance on a restricted control volume (UL+HMW multimers) has
been executed. This allows us to find a new possible correlatidndsrfunction of VWF:R an&p.

As figure B.11 illustrates and asdan be read from table B.4, the fitting and the related statistics

appear to be good.
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() (d)
Figure B.11. Linear response surface with interactions considering HnonO (a), HO (b), 2B (c) and Vicenza
(d) categories.

Table B.4. R? values for the different categories.
RZ
HnonO 0.91985
HO 0.93521
2B 0.98516
Vicenza  0.97263

As table B.4 demonstrates, the value &fiRhigher than 90% in all the considered categories,
meaning that the fitting is really good. However, once the lative fork; is substituted in MGM_1,

the calculated value for the proteolytic parameter is completely incorrect in all the categories (table
B.5).

Table B.5. Average kestimated and calculated values in the considered categories.

Average ki estimated = Average ki calculated

HnonO 0.001610986 0.00241648
HO 0.000383822 0.00065246
2B 0.003211634 -0.00256928

Vicenza 0.000552848 -0.00035932

This means that the parameters of the response surface do not allow a physical representation of the
system.

The definition of the most suitable correlation for paramletéas been reported in 842.
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B.3 Investigation of the response surface for parameter ko

The definition of the right correlation for the release paranketes been quite challenging. Indeed,

as for the proteolytic parametler (84.1.2 and 8B.2), various basal state clinical quantities can be
related td. Again, the collaboration with the medical school has been fundamental for determining
the right response surface structure. The releas@NfF from the endothelial cells is indirectly
measured by the intraplatelet VWF (intra) and VWF:R quantities. In particular, intraplatelet VWF is
the medical assay used for quantifying the amount of VWF contained in the endothelial cells.
Therefore, it sems reasonable to investigate a correlation Koas function of VWF.R and
intraplatelet VWF. Results of the regression execution are reported in figure B.12 for HO, 2B and

Vicenza categories. Intraplatelet VWF experimental data were not available foDitategory.

39

Figure B.12. Linearresponse surface thiinteractions considering HO (a), 2B (b) and Vicenza (c) categories.
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As it is possible to visualize from the pictures reported in figure B.12 and from the values of the
most imporant statistics in table B.6, the experimental data are not satisfactorily fitted by the

response surface.

Table B.6. RRand'Y values for the different categories.

R? =|
HO 0.63318 -0.0484
2B 0.66386 -0.39823
Vicenza 0.96374 0.8220

The correlation seems to work well only for Vicenza subjects, whereas for HO and 2B categories the
fitting is really bad. This resuis a clear demonstration that a more suitable correlation exists to
represent the VWF release path.

The error made in the definition of the correlation for the release is conceptual. Indeed, differently
from what happens for proteolysis and eliminawd’VWF, the clinical trials can measure only the
amount of VWF (Q) released from the cells. Then, the rate of release can be obtained indirectly (84.3).
A correlation for Q has been tested as function of VWFpp ratio and VWF:R. Indeed, physiologically
the measurement of the release is influenced by the elimination and by the amount of circulating

multimers.

However, as figure B.13 and table B.7 illustrate, the result of the fitting is not completely satisfying

for all the categories.
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() (d)
Figure B.13. Linear response surface thi interactions considering HnonO (a), HO (b), 2B (c) and Vicenza
(d) categories.

Table B.7. RRand'Y values for the different categories.
R? ]
HnonO 0.77254 0.29442
HO  0.52356 -0.27029
2B 0.73185 0.07121
Vicenza 0.88174 0.10984

Clearly, the statistics reported in table B.7 do not define a good fitting.
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The correlations that have doe found suitable for describing the VWF release path have been

presented in 84.3.
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Appendix C

C.1In silico experimental data

To generate a random set of experimental data, at first the predicted values of the two model responses
have been awsidered at each sampling timiéhen, a random error has been added to the predicted
values following equation c.1.

O @ Q0 pB A Gan meEe o c.l

The random error has been calculated in M&tlaling the functionandnand specifying zero mean

and variance of four. The experimental data of the patients taken as a reierescie category are
reported in table C.1. These values have been used to test the time reduced DDAVP protocol. The
same procedure has been applied also to testtiral and Doptimal protocols, whose generated
experimental data are reported in figsiIC.2.a and C.2.b, respectively.

11 Time prediction VWF:Ag random error experimental point prediction VWF:CB random error experimental point

0 104.5 1.0753 105.5753 155.2 1.0753 156.2753
15 177.6479 3.6678 181.3157 228.13252 3.6678 231.80032
30 225.1998 -4.5177 220.6821 275.1458 -4.5177 270.6281
60 275.5614 1.7243 277.2857 323.8963 1.7243 325.6206

120 302.2496 0.6375 302.8871 346.6452 0.6375 347.2827
180 302.0264 -2.6154 299.411 342.48572 -2.6154 339.87032

32 Time prediction VWF:Ag random error experimental point prediction VWF:CB random error experimental point

0 63.2 -0.8672 62.3328 93.8 -0.8672 92.9328
15 117.34521 0.6852 118.03041 147.82715 0.6852 148.51235
30 143.66428 7.1568 150.82108 173.8805 7.1568 181.0373
60 161.33072 5.5389 166.86962 190.85645 5.5389 196.39535

120 161.19516 -2.6998 158.49536 189.30708 -2.6998 186.60728
180 155.20584 6.0698 161.27564 182.08286 6.0698 188.15266

37 Time prediction VWF:Ag random error experimental point prediction VWF:CB random error experimental point

0 39.6 1.4508 41.0508 9.3 1.4508 10.7508
15 72.25269 -0.1261 72.12659 41.031067 -0.1261 40.904967
30 95.239914 1.4295 96.669414 61.735085 1.4295 63.164585
60 121.67035 -0.4099 121.26045 81.59661 -0.4099 81.18671

120 134.4222 -0.2483 134.1739 80.67713 -0.2483 80.42883
180 127.80084 29794 130.78024 64.68337 2.9794 67.66277

45 Time prediction VWF:Ag random error experimental point prediction VWF:CB random error experimental point

0 6.9 2.8181 9.7181 5.6 2.8181 8.4181
15 82.85841 2.8344 85.69281 81.221756 2.8344 84.056156
30 103.607574 1.343 104.950574 101.361916 1.343 102.704916
60 95.83524 -2.415 93.42024 92.530495 -2.415 90.115495

120 60.249924 1.4345 61.684424 56.1989 1.4345 57.6334
180 37.558464 3.2605 40.818964 33.77802 3.2605 37.03852

Figure C.1. In silico experimental data to test the time reduced DDAVP protocol.
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5
Time Prediction VWF:Ag Prediction VWF:CB | Randomerror | Experimental point VWF:Ag @ Experimental point VWF:CB
0 122.2000 131.7000 1.0753 123.2753 132.7753
18 162.6000 171.7165 3.6678 166.2678 175.3843
36 186.4600 194.6567 -4.5177 181.9423 190.139
60 203.8744 210.3768 1.7243 205.5987 212.1011
155 220.3806 218.8309 0.6375 221.0181 219.4684
172 220.9146 217.9103 -2.6154 218.2992 215.2949
20
Time Prediction VWF:Ag Prediction VWF:CB | Randomerror | Experimental point VWF:Ag @ Experimental point VWF:CB
0 54.50000 145.20000 1.4508 55.95080 146.6508
18 74.39568 164.98500 -0.1261 74.26958 164.8589
36 84.15627 174.5037 1.4295 85.58577 175.9332
60 88.86657 178.8371 -0.4099 88.45667 178.4272
155 81.99046 170.8617 -0.2483 81.74216 170.6134
172 80.09875 168.8741 29794 83.07815 171.8535
38
Time Prediction VWF:Ag Prediction VWF:CB | Randomerror | Experimental point VWF:Ag | Experimental point VWF:CB
0 39.60000 9.30000 2.8181 42.41810 12.11810
18 77.53214 45.94188 2.8344 80.36654 48.77628
36 102.31800 67.65028 1.3430 103.66100 68.99328
60 121.67000 81.59582 -2.4150 119.25500 79.18082
155 131.56740 71.73276 1.4345 133.00190 73.16726
172 129.10210 66.94031 3.2605 132.36260 70.20081
48
Time Prediction VWF:Ag Prediction VWF:CB | Randomerror | Experimental point VWF:Ag | Experimental point VWF:CB
0 6.10000 5.49000 1.7768 7.87680 7.26680
18 39.02970 38.39014 -2.2941 36.73560 36.09604
36 39.52139 38.84163 -2.1377 37.38369 36.70393
60 33.89742 33.11793 -1.6190 32.27842 31.49893
155 17.82841 17.08548 -5.8886 11.93981 11.19688
172 16.14233 15.40515 2.8768 19.01913 18.28195

Figure C.2.a. In silico experimental data to test theofitimal DDAVP protocol.
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5
Time Prediction VWF:Ag Prediction VWF.CB | Randomerror | Experimental point VWF:Ag Experimental point VWF.CB
0 122.20000 131.70000 -0.8672 121.33280 130.83280
20 165.91250 174.94700 0.6852 166.59770 175.63220
35 185.44340 193.69510 7.1568 192.60020 200.85190
55 201.17480 208.05700 5.5389 206.71370 213.59590
140 219.69590 219.43950 -2.6998 216.99610 216.73970
166 220.74860 218.31780 6.0698 226.81840 224.38760
20
Time Prediction VWF:Ag Prediction VWF.CB | Randomerror | Experimental point VWF:Ag Experimental point VWF.CB
0 54.50000 145.20000 0.6384 55.13840 145.83840
20 75.87579 166.44260 0.6257 76.50149 167.06830
35 83.79285 174.15550 -1.7298 82.06305 172.42570
55 88.39232 178.43770 -0.0601 88.33222 178.37760
140 83.69383 172.67300 -0.3298 83.36403 172.34320
166 80.75890 169.56500 1.2554 82.01430 170.82040
38
Time Prediction VWF:Ag Prediction VWF.CB | Randomerror | Experimental point VWF:Ag Experimental point VWF.CB
0 39.60000 9.30000 0.9778 40.57780 10.27780
20 80.84943 48.98615 2.0694 82.91883 51.05555
35 101.21150 66.74510 1.4538 102.66530 68.19890
55 118.63240 79.74600 -0.6069 118.02550 79.13910
140 133.25810 75.81951 0.5877 133.84580 76.40721
166 130.02460 70.33113 -1.5746 128.45000 68.75653
48
Time Prediction VWF:Ag Prediction VWF.CB | Randomerror | Experimental point VWF:Ag Experimental point VWF.CB
0 6.10000 5.49000 0.6504 6.75040 6.14040
20 39.74037 39.09612 -1.5099 38.19013 37.58622
35 39.70003 39.02229 2.7406 42.44063 41.76289
55 35.12236 34.41067 -3.423 31.69936 30.98767
140 19.54972 18.80308 -0.2045 19.34522 18.59858
166 16.70778 15.96841 -0.4829 16.22488 15.48551

Figure C.2.b. In silico experimental data to test thedptimal DDAVP protocol.

To test the robustness of the redesigns DDAVP, experimental data with a variance of 36 have been
generated and then used for parameters estimation. The in silico generated experimeatal data

reported in figure C.3.a and C.3.b.
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Time

18
36
60
155
172

20
Time

18
36
60
155
172

38
Time

18
36
60
155
172

48
Time
0
18
36
60
155
172

Prediction VWF:Ag
122.20000
162.60060
186.46610
203.87440
220.38060
220.91460

Prediction VWF:Ag
54.50000
74.39568
84.15627
88.86657
81.99046
80.09875

Prediction VWF:Ag
39.60000
77.53214
102.31800
121.67000
131.56740
129.10210

Prediction VWF:Ag
6.10000
39.02970
39.52139
33.89742
17.82841
16.14233

Prediction VWF:CB
131.70000
171.71650
194.65670
210.37680
218.83090
217.91030

Prediction VWF:.CB
145.20000
164.98500
174.50370
178.83710
170.86170
168.87410

Prediction VWF:CB
9.30000
45.94188
67.65028
81.59582
71.73276
66.94031

Prediction VWF:CB
5.49000
38.39014
38.84163
33.11793
17.08548
15.40515

Randomerror
3.2260
11.0033
-13.5531
5.1730
1.9126
-7.8461

Randomerror
4.3524
-0.3783
4.2885
-1.2298
-0.7449
8.9382

Randomerror
2.9334
6.2082
4.3613
-1.8206
1.7632
-4.7237

Randomerror
1.9511
-4.5296
8.2218
-10.2691
-0.6135
-1.4487

Experimental point VWF:Ag
125.4260
173.6039
172.913
209.0474
222.2932
213.0685

Experimental point VWF:Ag
58.85240
74.01738
88.44477
87.63677
81.24556
89.03695

Experimental point VWF:Ag
42.53340
83.74034
106.67930
119.84940
133.33060
124.37840

Experimental point VWF:Ag
8.0511
34.5001
47.7432
23.6283
17.2149
14.6936

Experimental point VWF:CB
134.9260
182.7198
181.1036
215.5498
220.7435
210.0642

Experimental point VWF.CB
149.5524
164.6067
178.7922
177.6073
170.1168
177.8123

BExperimental point VWF:CB
12.23340
52.15008
72.01158
79.77522
73.49596
62.21661

Experimental point VWF.CB
7.4411
33.8605
47.0634
22.8488
16.4720
13.9565

Figure C.3.a. In silico experimental data with a variance of 36 to test thap#mal DDAVP protocol.
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122.20000
165.91250
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219.69590
220.74860

Prediction VWF:Ag
54.50000
75.87579
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88.39232
83.69383
80.75890

Prediction VWF:Ag
39.60000
80.84943
101.21150
118.63240
133.25810
130.02460

Prediction VWF:Ag
6.10000
39.74037
39.70003
35.12236
19.54972
16.70778

Prediction VWF:.CB
131.70000
174.94700
193.69510
208.05700
219.43950
218.31780

Prediction VWF:CB
145.20000
166.44260
174.15550
178.43770
172.67300
169.56500

Prediction VWF:CB
9.30000
48.98615
66.74510
79.74600
75.81951
70.33113

Prediction VWF:.CB
5.49000
39.09612
39.02229
34.41067
18.80308
15.96841

Random error
-2.6016
2.0557
21.4704
16.6166
-8.0993
18.2095

Random error
8.4542
8.5032
4.029
-7.2449
4.3034
9.7814

Random error
5.3304
-6.8824
-6.4132
-4.857

-17.6657
8.6303

Random error
1.9152
1.8772
-5.1893
-0.1803
-0.9893
3.7662

Experimental point VWF:Ag

119.5984
167.9682
206.9138
217.7914
211.5966
238.9581

Experimental point VWF:Ag

62.9542
84.3790
87.8219
81.1474
87.9972
90.5403

Experimental point VWF:Ag

44.9304
73.9670
94.7983
113.7754
115.5924
138.6549

Experimental point VWF:Ag

8.0152
41.5772
34.5107
34.9421
18.5604
20.4740

129.0984
177.0027
215.1655
224.6736
211.3402
236.5273

153.6542
174.9458
178.1845
171.1928
176.9764
179.3464

14.6304
42.1038
60.3319
74.8890
58.1538
78.9614

7.4052
40.9733
33.8330
34.2304
17.8138
19.7346

Experimental point VWF:CB

BExperimental point VWF:CB

Experimental point VWF:CB

Experimental point VWF:CB

Figure C.3.b. In silico experimental data with a variance of 36 to test trepp#mal DDAVP protocol.
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C.2 Punctual sampling time optimization results

The results of the optimization executed for three experiment design A, D@ptchial are reported
in figure C.4. Subjects 11, 5, 15, 14 belong to HnonO category; subjects 32, 20, 30, 18 to HO;category
subjects 37, 38, 41, 40 to 2B category, whereas patients 45, 48, 43 and 46 belong to Vicenza category.

11 5 15 14
A-optimal D-optimal E-optimal A-optimal D-optimal  E-optimal A-optimal D-optimal  E-optimal A-optimal D-optimal  E-optimal
[min] [min] [min] [min] [min] [min] [min] [min] [min] [min] [min] [min]

0 0 0 0 0 0 0 0 0 0 0 0
16.202 19.806 16.199 15.632 17.951 15.714 17.595 19.039 17.475 15 17.01 15
31.202 34.806 31.199 30.632 32.951 30.714 32.595 34.039 32.475 30 32.01 30
46.202 49.806 46.199 45.632 47.951 45,714 47.595 49.039 47.475 45 47.01 45

185 169.96 185 185 185 185 185 185 185 185 176.24 185
200 200 200 200 200 200 200 200 200 200 200 200
32 20 30 18
A-optimal D-optimal E-optimal A-optimal D-optimal  E-optimal A-optimal D-optimal  E-optimal A-optimal D-optimal  E-optimal
[min] [min] [min] [min] [min] [min] [min] [min] [min] [min] [min] [min]
0 0 0 0 0 0 0 0 0 0 0 0
15 15 15 15 15 15 27.798 32114 27.796 15 18.355 15
30 30 30 30 30 30 42.798 47.114 42.796 30 33.355 30
152.56 45 152.72 45 45 45 57.798 62.114 57.796 45 48.355 45
167.56 138.02 167.72 17321 160.19 173.34 185 185 185 159.73 139.6 159.74
182.56 153.02 182.72 188.21 175.19 188.34 200 200 200 174.73 154.62 174.74
37 38 41 40
A-optimal  D-optimal  E-optimal A-optimal  D-optimal  E-optimal A-optimal D-optimal  E-optimal A-optimal  D-optimal  E-optimal
[min] [min] [min] [min] [min] [min] [min] [min] [min] [min] [min] [min]

0 0 0 0 0 0 0 0 0 0 0 0
20.576 24.575 20.5 38.538 43.903 38.509 21.097 28.734 21.163 15 21.794 15
35.576 39.575 355 53.538 58.903 53.509 36.097 43.734 36.163 30 36.794 30
50.576 54.575 50.5 68.538 73.903 68.509 51.097 58.734 51.163 45 51.794 45

185 178.48 185 185 88.903 185 185 173.06 185 185 165.03 185
200 200 200 200 200 200 200 200 200 200 200 200
45 48 43 46
A-optimal  D-optimal  E-optimal A-optimal  D-optimal  E-optimal A-optimal  D-optimal  E-optimal A-optimal  D-optimal  E-optimal
[min] [min] [min] [min] [min] [min] [min] [min] [min] [min] [min] [min]
0 0 0 0 0 0 0 0 0 0 0 0

15 15 15 15 15 15 15 15 15 15 15 15

30 30 30 53.018 53.866 53.038 30 30 30 58.721 30 58.758

75.364 74.445 75.146 68.018 68.866 68.038 66.807 64.152 66.848 73.721 45.491 73.758

90.364 89.445 90.146 83.018 83.866 83.038 81.807 79.152 81.848 88.721 60.491 88.758

105.36 104.45 105.15 98.018 98.866 98.038 96.807 94.152 96.848 103.72 75.491 103.76

128

Figure C.4. Punctual sampling time optimization for the selected subjects.



